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force model with single mass transfer coefficient. 217 
Figure E-2 - Predicted breakthrough profiles using the hybrid Avrami model (solid lines) 
vs Michaelis-Menten analogue model (dashed lines) at 1000 PPM (left) vs 10020 PPM 
(right) feed concentrations. These results are simulated for a feed flowrate of 17.2 
NmL/min. 218 
Figure E-3 - CO2 Breakthrough profiles at 23 °C, 49 °C and 70 °C for the feed partial 
pressure of 0.4 mBar and a flowrate of 17.2 NmL/min. 219 
Figure E-4 - Simulated thermal profile in the bed (left) and exit CO2 concentration as a 
function of time for feed with CO2 concentration of 400 PPM at 17.2 NmL/min. Red curve 
indicates an adiabatic bed while the black curve indicates a near isothermal bed. 220 
Figure E-5 - Simulated thermal profile in the bed (left) and exit CO2 concentration as a 
function of time for the CO2 feed concentration of 400 PPM at 100 NmL/min. Red curve 
indicates an adiabatic bed while the black curve indicates a near isothermal bed. 220 
Figure E-6 - Thermal profile in the bed (left) and exit CO2 concentration as a function of 
time for feed CO2 concentration of 5660 PPM at 17.2 NmL/min. Red curve indicates an 
adiabatic bed while the black curve indicates a near isothermal bed. 221 
Figure E-7 - Breakthrough curves at different dead volumes. Solid line is without any dead 
volume, Hollow circles and triangles are for cases where the dead volume is equal to the 
bed volume and 100 times the bed volume, respectively.  Our analysis suggests that a 
significant spreading of the breakthrough curve is not observed for smaller dead volumes 





The primary goal of this study is the synthesis, design, modeling and simulation of gas 
adsorption separation processes.  In particular, those where differences in the transport or 
reaction of gas species in materials are important for separation as opposed to equilibrium 
adsorption properties.  Two applications are used for illustration, purification of ethylene from 
a mixture of light hydrocarbon gases, and the capture of CO2 from air.  Chapter 2 is primarily 
focused on quantifying the differences in optimal performance of a traditional packed bed to 
that of a novel hollow fiber bed. The hollow fiber bed showed a 5 times higher productivity 
(for similar product purity and recovery). Chapter 3 (equal contribution from Dr. L. A. Darunte 
- experiments) is concerned with understanding the impact of mass transfer on separation 
performance of MMEN-Mg2(dopbpdc) for CO2 capture. We showed that the co-operative 
insertion mechanism which provides thermodynamic advantages to this material, significantly 
hampers its separation process kinetics. Chapter 4 (equal contribution from W. You – 
molecular simulations) is concerned with understanding the impact of binding energy of M-
BTC MOFs for ethylene-ethane separation. Temperature was shown to have a significant non-
monotonic impact on process performance. We also found mixed metal MM’-BTCs that can 
outperform the constituent pure metal M-BTCs. Chapter 5 is concerned with understanding 
the impact of adsorbent property parameters on kinetic separation at a PSA scale (packed bed), 
therefore bridging the gap between lab scale experiments and PSA design. An illumination 
algorithm (SAIL) was able to efficiently predict similar results with greater computational 
efficiency. Overall, my thesis advances the understanding of (a) the impact of bed 
configuration on PSA performance (b) how inherent material property parameters translate to 
a process scale performance. 
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CHAPTER 1. INTRODUCTION 
Separation processes account for 45-55% of all industrial energy consumption of 
which, distillation accounts for nearly 49% of the energy consumed1. Techniques such as 
membrane permeation and pressure/temperature-swing adsorption (PSA/TSA) are more 
energy-efficient and could be used to debottleneck separation trains1–6. Adsorption is a 
separation process in which certain components of a mixture are transferred (adsorbed) 
onto “adsorption sites” of a material. In this thesis, I will focus exclusively on gas 
adsorption in highly porous crystalline solids. Adsorption based processes broadly rely on 
very specific (i) equilibrium, (ii) kinetics, (iii) conformational/entropic effects and (iv) 
molecular sieving, to enable molecular separation4,7. Adsorption has become one of the 
commonly used industrial techniques for fluid (gas/liquid) separation, mostly fueled by the 
invention of tunable synthetic zeolites in the 1940s and the development of cyclic schemes 
which allowed for product recovery and adsorbent regeneration8. Some basic concepts in 
adsorptive separation have been outlined in Appendix A. 
1.1 Adsorbents and techniques for adsorptive separation 
Equilibrium or thermodynamic driven adsorption is currently the most widely used 
mechanism for adsorptive separation. It exploits the difference in affinity the components 
of a mixture towards an adsorbent material to facilitate separation9. Some common 
applications include paraffin/olefin separation, desulfurization, natural gas upgrading, H2O 
removal10,11 etc. 
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Kinetic separation exploits the capability of a material to differentiate between two 
or more components owing to significant differences in their diffusivities, i.e. the 
ability/difficulty to move along the cages/channels of the porous materials and not their 
equilibrium loading amounts2–4. Such a mechanism is generally encountered for molecules 
that display similar size and functionality such as low molecular weight straight chain 
alkane and alkene hydrocarbons. Major separations of interest using kinetic separation are 
nitrogen/oxygen separations
12, carbon dioxide separation from methane or nitrogen
13–15 and 
hydrocarbon separations such as propylene/propane2,16. 
Commercial adsorbents for gas separation include zeolites, carbon molecular 
sieves, activated carbons, activated alumina, silica gel17. Metal-organic Frameworks 
(MOFs) have emerged as a new class of adsorbents in the past few decades, due to their 
tunability in terms of pore size and environment. MOFs are hybrid crystalline materials, 
where appropriate inorganic and organic building blocks can be assembled into a net-like 
hybrid material with a targeted topology4,18, with the appropriate pore aperture size and 
shape for the envisioned/targeted separation. 
1.2 Applications of Adsorptive separation 
Two emerging applications of adsorptive separation are the separation of light 
hydrocarbons19–21 and the removal CO2 from the atmosphere/flue gas streams
22–25. 
1.2.1 Ethylene purification from oxidative coupling of methane 
Ethylene is a high value raw material which also holds a large volume of the organic 
chemical market. It is a raw material in the production of detergents, cosmetics, polymers 
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and lies at the base of many chemical supply chains. On the other hand, methane has 
gradually gained attention as a source of clean fossil energy and a feedstock for chemicals. 
Due to the difficulty of transportation of methane itself, enabling conversion of methane 
directly into higher value products such as ethylene has been of key interest26,27. One of the 
reactions of interest for this conversion is oxidative coupling of methane (OCM). However, 
current catalysts can convert only around 20% of the methane to ethylene, the rest of the 
by-products include ethane and COx. Apart from trying to improve conversion of the 
reaction itself, another approach could be the use of an energy efficient separation process 
to purify ethylene obtained from this reaction and recycling of the unconverted methane. 
One of the major bottlenecks of this multi-component separation process is the 
separation of ethylene from ethane due to the close molecular weight of these two 
hydrocarbons. Paraffin olefin separation is also economically important when considering 
reduction in hydrocarbon losses, to avoid environmental penalties. Traditional separation 
scheme involves low temperature distillation28, which is typically highly heat integrated to 
provide the very low temperatures while minimizing the energy cost. These systems have 
high capital and operational cost and are only attractive when the volume of ethylene 
production is large. One of the alternatives is to use an adsorption-based separation 
technique. A major portion of the work in the following chapters (Chapters 2, 3 and 4) was 
performed with this as the target application. Two routes for adsorptive separation of 
olefin/paraffin involves thermodynamic separation through reversible π-complexation of 
ethylene and kinetic separation6. One specific group of adsorbents with π-complexation 
property are the open metal site (OMS) MOFs29–32. Zeolites, ZIFs and MOFs have all been 
investigated for kinetic separation of olefins and praffins2,33–35. Among these ZIFs have 
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gained special attention since like zeolites they have a highly tuneable pore morphology 
which can control intra-crystalline diffusion. 
1.2.2 Direct Air Capture 
Rising atmospheric CO2 levels are one of the main contributors to global climate 
change. Removal of CO2 from anthropogenic sources such as flue gas has been augmented 
with research into direct capture of CO2 from the air (DAC). This has advantages such as 
addressing issues with mobile sources, bypassing the need for a specific CO2 feed stream, 
and is a negative emission technology (NET). One key technical challenge to direct air 
capture is the ultradilute CO2 concentration in the atmosphere,  in the range of 400 ppm as 
opposed to point sources such as power plants that range from 4 to 12v% CO2. Supported 
amines, which are popular adsorbent materials for flue‐gas capture, have also gained 
significant attention as key separation materials in air capture22–24,36. Another class of 
materials that have gained significant interest for direct air capture are amine-
functionalized MOFs37,38. Chapter 5 focuses on the application of one of these MOFs for 
DAC processes. 
1.3 Cyclic Operation of Adsorption-Desorption Process 
In an adsorption process, the adsorbent used is normally shaped into spherical 
pellets or extruded39.  The feed stream is put into contact with the adsorbent that is normally 
packed in fixed beds. A typical industrial process using adsorptive separation has two basic 
stages of operating a single bed. The “feed step” where, the feed gas is fed through the 
inlet, the “heavier” component is adsorbed and the relatively pure “lighter” component is 
collected at the outlet of the bed. Once the bed is saturated, the feed is stopped and either 
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the pressure is reduced (Pressure Swing Adsorption, PSA) or the temperature is increased 
(Temperature Swing Adsorption, TSA) to allow most of the heavier component to desorb.  
To compare performance of two cycles some common Performance Indicators (PIs) 
are used, which are described here. Continuous cyclic operation starting form an initially 
clean bed, (qi=0) for example, leads to a condition where the final bed concentration after 
desorption is the same as the initial bed condition prior to feed. The process is said to have 
reached a “cyclic steady state (CSS)” of operation and the performance of the process in 
terms of “purity” and “recovery” of the desired components is evaluated at this operating 
condition.  Once these basic performance criteria are satisfied, other important 
considerations are the bed productivity and energy consumption.  
 
Figure 1-1 – Schematic of a simple PSA cycle with 4-steps and a single bed 
It has been shown that PSA processes have tremendous flexibility in terms of cycle 
design.  More than onecolumn can be used and a large number of cycles are possible39. 
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Figure 1-1 shows the schematic of a very simple PSA cycle with 4 steps and a single bed. 
Modifications include using the separation products as purge or rinse to push product 
recovery or purity, increasing the number of beds to incorporate pressure equalizations in 
between the pressurization and blowdown steps.  
1.4 Impact of PSA/TSA cycle on adsorbent selection  
There are two main avenues for improving separation performance of an adsorbent: 
(1) improving inherent property parameters of the adsorbent itself and (2) improving 
performance of the PSA cycle through cycle design. Independent analysis of adsorbent 
property parameters9 and cycle design40 has been well studied in literature. In recent years 
there has been a growing interest in combining these two fields to develop an integrated 
approach towards materials and process development.  
Material development for adsorption relies on a few characterizations such as 
isotherm parameters (selectivity, working capacity etc). Selection of adsorbents best suited 
for separation based on these simple metrics have been widely shown to be inaccurate when 
full PSA cycle optimizations are performed and performance metrics compared41–44. This 
has led to the development of several hierarchical approaches for adsorbent selection which 
takes into account both the simple metrics as well as the fully optimized PSA 
parameters41,42. Apart from this, development of simplified models that cut down on 
computational cost of the full cycle PSA optimization while still capturing similar 
information about relative performance of adsorbents, has also gained a lot of attention 
particularly in the area of CO2 capture
43–45. 
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Another approach has been to improve inherent parameters at the single bed itself 
without changing properties of either the adsorbent or the cycle. Traditionally industrial 
PSA cycles operate in packed beds where, pellets of adsorbent material are randomly 
packed. Understanding that even for similar adsorbents, structure of the bed  plays a crucial 
role in determining performance of the separation process, has gained significant interest46–
48. Adsorbent packing affects parameters such as, heat and mass transfer which are crucial 
in determining quality of separation. Proposed structures include foams, monoliths47, 
corrugated sheets48 and hollow fiber beds46. 
1.5 Thesis objectives 
The subsequent chapters specifically look at application of some of these concepts 
for integration of material and process discovery in the areas of ethylene/ethane separation 
and CO2 capture. Both equilibrium and kinetic adsorptive separations have been studied in 
detail. The work was performed with inputs from experiments and molecular simulations 
by collaborators. The overarching aim was to use PSA cycle and other simulations to guide 
material discovery given the significantly higher time consumed in experimental synthesis 
and molecular dynamic calculations. A brief description of the specific objectives is 
outlined in the following subsections.  
1.5.1 Quantifying improvement when a hollow fiber bed is used instead of a packed bed 
A hollow fiber bed for an adsorptive separation provides an additional degree of 
improvement over existing structured contactors such as monoliths and foams.49–51 While 
the previously proposed contractors result in reduction in pressure drop and increase in 
mass transfer profiles over the packed bed, the hollow fiber bed additionally improves heat 
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transfer properties of the bed. The hollow fiber bed constitutes solid sorbents embedded in 
a porous polymeric hollow fiber matrix. Several identical fibers are assembled inside a 
module which resembles a shell and tube heat exchanger. The bore of the hollow fiber has 
an impermeable lumen layer which allows the flow of a cooling/heating medium to 
mitigate the temperature of operation of the process despite heat of adsorption/desorption. 
However, due to the incorporation of a polymer matrix and the presence of a hollow bore, 
adsorbent density per unit volume is lower than the packed bed.  
The aim of  chapter 2 is to study whether the advantages posed by the use of the 
hollow fiber bed out-weigh the disadvantage mentioned above and to come up with a 
specific quantification for this comparison.  Equivalent models for the packed bed and the 
hollow fiber bed are developed to enable unbiased comparison. A preliminary parametric 
comparison of properties such as heat and mass transfer co-efficients, adsorbent density, 
and pressure drop is demonstrated using these models. This is followed by a detailed PSA 
analysis for an equimolar mixture of propylene/propane with zeolite 13X as the adsorbent. 
We determine which configuration had a performance indicators under constraint of a 
minimum required purity.  
1.5.2 Selection of metal site for OMS MOFs for ethylene/ethane separation 
Open metal site (OMS) MOFs are very good candidates for the adsorptive 
separation of ethylene/ethane due to π-π interaction with the ethylene double bond. It has 
been established that properties of the metal center have a stronger impact on separation 
efficiency of these MOFs as opposed to nature of the organic linker used.52,53 The aim of 
Chapter 3 is two-fold. We wish to understand how binding affinity of the metal center 
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impacts overall separation performance in a PSA cycle and whether simplified models can 
be used to speed up this analysis.  
Once we have a general understanding of the impact of metal center properties in 
pure metal MOFs using BTC as the organic linker, the subsequent analysis looks at 
heterogeneous MM’-BTCs (which is a combination of two different metal centers M and 
M’). General thinking dictates that introduction of heterogeneity will inevitably reduce 
overall separation performance. This chapter aims to understand whether this statement is 
always true. Using a combination of molecular dynamic simulations of 11 mixed-metal 
BTCs and simplified process models we identify candidates for successful mixed metal 
combinations, which have been analyzed in detail using the full PSA model thus providing 
evidence that heterogeneity does not always reduce separation performance. 
1.5.3 Kinetic Separation  
Although equilibrium adsorptive separation has become one of the commonly used 
industrial techniques for gas and liquid separation, kinetic adsorptive separation has not 
received equal attention. Kinetic separation exploits the differences in diffusion 
coefficients of the different adsorbates in the mixture irrespective of their equilibrium 
loading amounts. This may even result in the selective adsorption of the weakly adsorbing 
component for a certain duration.  
Using the traditional Fickian model for gas diffusion is, however, not adequate for 
predicting this transient overshoot. Instead, we have used the Maxwell-Stefan transport 
model which has been proposed and extensively validated with crystal diffusion 
experiments by Krishna et al.54 A few past studies have attempted to screen materials and 
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subsequently develop PSA cycles for kinetic separations incorporating this more accurate 
description of crystal diffusion16, but there remain significant unanswered questions. 
There is no straight forward method of screening adsorbents for kinetic separation 
from diffusion coefficients and isotherm data alone. This is mostly due to the complex 
coupling between the kinetics and equilibrium. Chapter 4 presents a parametric study of 
the influence of isotherm shape and diffusion coefficient on the uptake within a single 
crystal and light component transient overshoot. These results have been used to screen 
materials which have better potential for kinetic separation. The selected adsorbents are 
incorporated into a PSA cycle model to determine the effectiveness of the primary 
screening using crystal level data.  The goal is a systematic method to co-design materials 
and adsorption cycles for kinetic adsorption processes.  
1.5.4 Impact of mass transfer on CO2 capture 
CO2 uptake in amine-functionalized MOFs, such as Mg2(dobpdc), follows a tunable 
stepped isotherm behavior.  The stepped nature enables unprecedented high equilibrium as 
well as pressure-swing capacities for CO2 capture under DAC conditions (< 0.4 mbar). 
Majority of the analysis of these class of materials have focused primarily on their 
equilibrium behavior. In Chapter 4, I analyze the kinetics associated with DAC using these 
materials and determine whether this limits their practical application.  
An adsorption breakthrough setup with ultra-dilute (0.4 mbar) and dilute (1 mbar, 
5 mbar and 10 mbar) feed was used as a proxy to simulate practical CO2 feeds . Local 
equilibrium theory for stepped isotherms predicts a simple single shock breakthrough for 
feed concentrations of CO2 above 1% (or 10 mbar). Below 10 mbar however, we expect 
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two shocks separated by a plateau corresponding to the isotherm step pressure. The 
predicted shapes of the breakthrough profiles matched the experimentally observed results 
only qualitatively. Attempts to fit a traditional linear driving force mass transfer model to 
match the observed data were unsuccessful.  
The aim of Chapter 5 is therefore two-fold. Firstly, to understand and quantify the 
system kinetics of amine functionalized adsorbents with stepped isotherms. It was found 
that established models for co-operative uptake such as, the Avrami model for 
crystallization and the Michaelis-Menten model for enzymatic reactions, were successful 
in predicting breakthrough of CO2 using Mg2(dopbdc). Secondly, this chapter also shows 
that moving beyond equilibrium or swing capacity of these adsorbents, and looking at their 
kinetics is crucial to assess their efficiency in practical DAC applications. 
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CHAPTER 2. ADSORPTION PROCESS INTENSIFICATION 
THROUGH STRUCTURED PACKING: A MODELING STUDY 
USING ZEOLITE 13X AND A MIXTURE OF PROPYLENE AND 
PROPANE IN HOLLOW FIBER AND PACKED BED 
Parts of this chapter have been adapted from ‘Sen, T., Kawajiri, Y., & Realff, M. J. 
(2018). Adsorption Process Intensification through Structured Packing: A Modeling Study 
Using Zeolite 13X and a Mixture of Propylene and Propane in Hollow-Fiber and Packed 
Beds. Ind. Eng. Chem. Res., 58(15), 5750-5767.’ 
2.1 Introduction 
Process intensification has been identified as one of the most promising 
development paths for the chemical process industry. In their comprehensive vision for 
process intensification, Gerven and Stankiewicz1 have described four fundamental 
principles and approaches. An optimally intensified process should aim to alter and 
improve inherent kinetics, provide a uniform processing history to each molecule involved 
(maximize mixing and minimize temperature gradients), optimize driving force through 
improved specific surface area and, seek and optimize synergistic processes (like reactive 
separation). The scope of process intensification spans the macro, meso and the molecular 
scales.  This aim may be achieved by introducing structure to reduce spatial randomness, 
optimizing targeted energy transfer from source to recipient, performing synergistic 
integration of processes or by the manipulation of process time scales and periodicity.  The 
 17 
current work focuses on the intensification of the adsorptive separation process, 
particularly for a gaseous mixture, and employs several of the strategies outlined. 
The phenomenon of adsorption was discovered by the Swedish chemist Carl 
Wilhelm Scheele in 1773. Since then adsorption has become one of the commonly used 
industrial techniques for fluid (gas/liquid) separation, mostly fueled by the invention of 
tunable synthetic zeolites in the 1940s and the development of cyclic schemes which 
allowed for product recovery and adsorbent regeneration. 2 Adsorption relies on very 
specific surface interaction properties of solids (adsorbents) with the different components 
of a fluid mixture to achieve separation, by exploiting either equilibrium or kinetic 
behavior. 3 
Traditionally, adsorbent crystals are formed into pellets (with or without a binder) 
and then packed into beds. A single bed, or multiple-beds in parallel, cycle through a series 
of steps which usually switches either the temperature (TSA) or the pressure (PSA, VSA) 
of the system between two levels. However, pressure drops are usually incurred due to the 
random and tortuous nature of the packing void space which influences the cost of 
pressurizing the feed gas and the feasible gas velocity which influences the shape of the 
adsorption front through the mass transfer coefficient. Heat transfer is inefficient for 
operating a TSA cycle and there is scope for improvement of fluid to adsorbent mass 
transfer coefficient. 4-6 
To overcome these difficulties, several structured configurations including, 
monoliths, laminates and foams, have been developed. Detailed reviews and comparisons 
of these configurations are available in literature 4,5,7,8. Rezai et al. compared the 
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performance of ceramic cordierite monoliths to a packed bed for CO2 separation
4. Optimal 
geometry for different classes of structured adsorbent from a process point of view were 
also studied5. The role of improved heat transfer characteristics in structured adsorbents 
for enhancing a 2-step PSA process performance was also explored.7 More recently, a 
novel hollow fiber-based solid sorbent system has been proposed and experimentally 
validated6,9,10.  Not only does this provide the improvements in system parameters that have 
been targeted by the existing emerging technologies, it provides an additional degree of 
control over the heat transfer efficiency as described below.  
 
Figure 2-1 - (a) Schematic of a hollow fiber bed (b) SEM image of a single hollow 
fiber with impermeable lumen layer 6 
The hollow fiber configuration relies on solid sorbents embedded in a porous 
polymeric hollow fiber matrix. Several identical fibers are assembled inside a module 
which resembles a shell and tube heat exchanger (Figure 2-1). The bore of the hollow fiber 
has an impermeable lumen layer which allows the flow of a cooling/heating medium to 
mitigate the temperature of operation of the process despite heat of adsorption/desorption.6 
Compared to the traditional packed bed, the configuration of the hollow fiber bed 
offers several advantages:11 (1) the structured packing has a significantly lower pressure 
drop (2) the diffusion length for the fluid to the interior of the hollow fibers is significantly 
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lower than the spherical packed bed (3) the bore allows for a heating/cooling medium to 
efficiently transfer heat to/from the adsorbent phase. However there are also certain 
drawbacks in using the hollow fiber bed configuration. The manufacture of hollow fibers 
requires at least 25% by weight of the polymer matrix 11, but pellets may require minimal 
binder material or possibly be binderless. The presence of the bore in the hollow fiber 
reduces the quantity of adsorbent that can be packed inside a given bed volume. Therefore, 
in terms of adsorbent density per unit bed volume, the hollow fiber bed has a clear 
disadvantage. 
It has been hypothesized that the advantages will outweigh the disadvantages of 
using a hollow fiber bed, but testing and understanding the drivers of the relative 
performance is needed. The aim of the computational study in this chapter is to perform a 
detailed comparison of the properties and separation performance of the novel hollow fiber 
bed configuration with that of the traditionally used packed bed. To enable unbiased 
comparison, the initial part of the study focuses on the development of an equivalent model 
for the packed bed and the hollow fiber bed. A preliminary parametric comparison of 
properties such as heat and mass transfer co-efficients, adsorbent density, and pressure drop 
was then performed on the basis of these models. Then the efficiency of separation of an 
equimolar mixture of propylene/propane using zeolite 13X was used as a case study. A 
detailed grid search optimization was performed to determine which configuration had a 
better performance under the constraint of a minimum required purity and use of products 
for different steps within the cycle.  
2.2 Isotherm model  
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The separation of a 50:50 mixture of propylene and propane using adsorbent zeolite 
13X was chosen as the case study for comparison between the hollow fiber bed and the 
packed bed. The feed temperature was 1000 C at all times. The adsorption and desorption 
pressures were 1.5 bar and 0.1 bar respectively. The values were chosen since a complete 
VPSA cycle had been experimentally validated by Narin et al 12 under these operating 
conditions. Temperature swing was not employed. 
Experimental measures of the propylene/propane isotherm parameters were 
obtained by Narin et al 12 at the temperatures of 50 0C, 100 0C and 150 0C. The experiments 
obtained single component data in the range of 0-6 bar and multi-component data at 100 
0C and 1.5 bar. They used the competitive Dual-Site Langmuir (DSL) equation to model 









The estimates of the DSL model parameters obtained by Narin et al were used in 
the current study. Other studies, by Mathias et al 13 for example, have demonstrated that 
the DSL model provides enough mathematical flexibility to describe mixed-gas 
competitive adsorption for a range of mixtures.  
The DSL model assumes two different adsorption sites (A and B) on the adsorption 
surface. 𝑞𝑖
∗ is the equilibrium adsorbed amount of a component, pi is the partial pressure. 
The terms 𝑞𝐴𝑠𝑎𝑡,𝑖 and 𝑞𝐵𝑠𝑎𝑡,𝑖 are the saturation capacities on site A and B respectively. 
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Parameters 𝑏𝐴,𝑖 and 𝑏𝐵,𝑖 are the respective affinity constants which have a temperature 
dependence as represented by: 
 









where  𝑏𝐴∞,𝑖 and 𝑏𝐵∞,𝑖 are the frequency factors for each affinity constants and ∆𝐻𝐴,𝑖 and 
∆𝐻𝐵,𝑖 are the heats of adsorption for each site. 
At low coverages, the equilibrium loading has a linear dependence on pressure 
which can be represented by using the Henry’ constant, KH,i : 
  𝑞𝑖
∗ = 𝐾𝐻,𝑖𝑝𝑖 (2.4) 
The temperature dependence of the Henry’s constant is represented by the van’t 
Hoff equation: 
 




where K0,i is the pre-exponential factor. This provides a means to estimate the enthalpy of 
adsorption at zero coverage (∆H0). Table B1 in Appendix B is a complete list of all the 
operating parameters needed in the isotherm model. 
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As a measure for the separation effectiveness, selectivity, αi/j of the adsorbent for 








A more useful measure of selectivity (Si/j) is one which accounts for the difference 
in product working capacities as well (difference in equilibrium adsorption capacities at 
adsorption and desorption pressures (1.5 bar and 0.1 bar respectively), at the temperature 
of operation of the PSA (373 K) and the composition of the feed (0.5:0.5): 








2.2.1 Equilibrium behavior 
The single component adsorption isotherms on 13X zeolite crystals are plotted for 
propylene and propane in Figure 2-2(a) and (b), respectively. It is evident that the adsorbent 
has a stronger affinity towards propylene than propane. This is more pronounced at the 
lower temperatures of 500C and 1000C where there is a sharp rise in equilibrium adsorption 
of propylene at low pressures. The ideal selectivity of 13X, calculated from single 
component isotherms, for a 50/50 mixture of propylene/propane at several pressures are 
also shown in Figure 2-2 (c). High selectivities are observed at the lower pressures up to 
nearly 2 bar, but as the pressure is increased the values approaches unity. 
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Figure 2-2: Single component isotherms for adsorption of a) propane, b) propylene 
on zeolite 13X and c) Ideal non-competitive selectivity of propylene/propane 
adsorption from a 50-50 mixture over a range of pressures ( as calculated using 
single component isotherm measurements only) 
 
Figure 2-3 - (a) Binary adsorption isotherms for proylene/propane on zeolite 13X 
estimated using the DSL model at a constant total pressure of 1.5 bar. (b) 
Competetive selectivities of propylene/propane adsorption from a mixture with 50% 
propylene over a range of pressures (as calculated from two-component isotherm 
measurements). 
The isotherms and selectivities for competitive adsorption between 
propylene/propane at different temperatures are plotted in Figure 2-3 (a) and (b) 
respectively. It is observed in Figure 2-3 (b) that, selectivity is mostly independent of 
pressure and high selectivity for propylene is maintained even at high pressures. 
Temperature however, has a significantly negative impact in the mixture selectivity of 
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zeolite 13X. It is worth mentioning that the selectivity was also observed to be mostly 
unaffected by the actual composition of the gas. 
2.3 Parametric comparison 
2.3.1 Equivalent mathematical models for hollow fiber bed and packed bed 
Several assumptions are needed to effectively simulate the performance of an 
adsorption bed. Similar assumptions were made in modeling both the packed bed and the 
hollow fiber bed, to make as unbiased a comparison as possible. 
2.3.1.1  Packed bed assumptions 
The adsorbent pellets which pack the bed, are comprised of adsorbent crystals 
which are compacted together into a single larger sized solid (with or without the aid of a 
binder material). This results in voids called “macropores” inside the pellets themselves. 
The adsorbent crystals are also heterogeneous, with voids termed “micropores.” There are 
therefore two separate resistances to mass transfer from the pellet surface to the adsorption 
sites inside the crystals (Figure 2-4). 
 




The packed bed adsorption kinetics were described using a one-dimensional model with 
bi-disperse mass-transfer control, heterogeneous heat balance equations, local pressure 
drop and axial dispersion. The Ergun equation simplifies the momentum balance equation. 
The basic assumptions made while formulating the model are as follows 12:  
1. Radial gradients in concentration, velocity and temperature were neglected in the 
bed 
2. The ideal gas equation describes the state of the gas phase in the bed. 
3. The void fraction in the bed was considered uniform with no variability in the 
axial direction 
4. External heat and mass transfer resistance were described by film diffusion.  
2.3.1.2  Hollow fiber bed assumptions 
The polymer commonly used for spinning the hollow fibers is cellulose acetate 
(CA). Similar to the packed bed, there are two main resistances to the diffusion of gas from 
the surface of the fiber to the adsorption sites inside the crystals. One is due to the presence 
of “micropores” in the crystals. The “macropore” resistance arises due to the presence of 
void spaces in the crystal-polymer matrix (Figure 2-5).  
 
Figure 2-5 - Schematic of mass transfer resistances inside a single hollow fiber 
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It was assumed that each fiber is identical to every other fiber and also that the fibers are 
distributed evenly inside the module. This allowed for the assumption of a hypothetical gas 
shell surrounding each fiber, such that the gas to fiber ratio inside these hypothetical shells 
is the same as that of the module as a whole. Happel 14 used this free surface approach to 
find an analytical expression for pressure drop within the hollow fiber module, which was 
incorporated in this study. In exactly the same manner as the packed bed adsorption, a one-
dimensional model with bi-disperse mass-transfer control, heterogeneous heat balance 
equations, local pressure drop and axial dispersion was used to describe the hollow fiber 
bed adsorption kinetics. The major assumptions pertaining to the hollow fiber bed model 
are as follows: 
1. Radial gradients in concentration, velocity and temperature are neglected within the 
fiber 
2. The ideal gas equation can describe the state of the gas phase in the bed. 
3. The CA polymer is impermeable to the gas, and the gas can travel through the voids 
present in the matrix to reach the crystal surfaces. The weight percent of the fiber 
solids made up of CA is a known input to the process.  
4. External heat and mass transfer resistance were described by film diffusion.  
2.3.1.3  Mathematical models 
The set of equations that describe adsorption dynamics in a packed bed were 
adopted from Da Silva and Rodrigues 17. The accuracy of these equations in predicting 
adsorption equilibrium kinetics had been proven through several case studies reported in 
literature 12,15-18. Experimental validation for this specific case involving the adsorption of 
 27 
propylene/propane on zeolite 13X had been reported by Narin et al 12. A similar set of 
equations were also used to describe the adsorption dynamics in the hollow fiber bed. 
Experimental validation for this model had been reported by Kalyanaraman et al 19. PEI 
impregnated silica distributed in a CA matrix had been used as the adsorbent in the 
aforementioned case. For the current study, the crystal diffusion model was simplified to 
the volume averaged LDF model traditionally used in packed bed adsorption. The uniform 




Table 2-1 shows in complete detail all the equations that were used to model the 
packed bed and the hollow fiber bed adsorption processes. The propylene and propane are 
distributed among three phases in both the beds – the bulk gas phase, the gas phase present 
in the macropores of the pellets and the adsorbed phase inside the crystals. The models are 
differential mass and heat balances for these three phases. Both the packed bed as well as 
the hollow fiber bed models have separate mass balances accounting for the mass transfer 
across all the interfaces rather than looking at a simplified overall mass transfer coefficient. 
The volume-averaged LDF (linear driving force) mass transfer coefficients were derived 
following the same principles and assumptions in both cases and have been included in 
Appendix B. The temperature of the solid crystals and the gas in the macropores of the 
pellets/fibers were assumed to be at equilibrium at all times and only the bulk gas phase 




Table 2-1 - Model Equations used to simulate the packed bed and the hollow 
fiber bed adsorption processes 
Packed Bed 
 
Hollow Fiber Bed 
 
Units: Concentrations: mol/m3 , Pressure: bar, time: sec, velocity: m/s, Temperature: 
K 
Mass Balance Equations: 
i. Bulk Gas Phase 
𝜕𝐶𝑔𝑖
𝜕𝑡















ii. Macropore Gas Phase 
𝜕𝐶𝑝𝑖
𝜕𝑡
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Mass Transfer Coefficients: 
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Mass Balance Equations: 
i. Bulk Gas Phase 
𝜕𝐶𝑔𝑖
𝜕𝑡


















ii. Macropore Gas Phase 
𝜕𝐶𝑝𝑖
𝜕𝑡
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where 
𝑢𝑔𝑖  =  
𝑄𝑣𝑜𝑙
𝐴𝑟𝑒𝑎
, 𝐴𝑟𝑒𝑎 = 𝜋𝑅𝑏𝑒𝑑
2(1 −
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Mass Transfer Coefficients: 
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Ideal Gas Equation12,13,17: 
 
𝑝𝑖 =  𝐶𝑔𝑖𝑅𝑇𝑔, 𝑃𝑡𝑜𝑡 =  ∑ 𝑝𝑖 , 𝐶𝑔,𝑡𝑜𝑡  =  ∑ 𝐶𝑔𝑖 ,   𝐶𝑝,𝑡𝑜𝑡  =  ∑ 𝐶𝑝𝑖  
 
 
Table 2-1 continued 















Heat Balance Equations: 
𝑐𝑝,𝑇  =  ∑ 𝑦𝑖𝑐𝑝,𝑖𝑖 , 𝑐𝑣,𝑇  =  ∑ 𝑦𝑖𝑐𝑣,𝑖𝑖   
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Heat Balance Equations: 
𝑐𝑝,𝑇  =  ∑ 𝑦𝑖𝑐𝑝,𝑖𝑖 , 𝑐𝑣,𝑇  =  ∑ 𝑦𝑖𝑐𝑣,𝑖𝑖   
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ii. Fiber 
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iii.  Bore Fluid 









ℎ𝑏𝑓(𝑇𝑓 − 𝑇𝑏𝑓)   
2.3.2 Estimation of adsorbent bed specific property parameters 
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The same crystals of zeolite 13X (size, crystal diffusion properties) were assumed 
to form the pellets and the fibers. As suggested in literature 12 it was assumed that 13X can 
form binderless pellets. However, the hollow fibers were assumed to contain 40% by 
weight of the polymer cellulose acetate (CA), which is necessary to form the matrix to 
embed 13X crystals. Experimental studies have found that spinning of stable fibers with 
any kind of adsorbent crystal is possible up to a limit of as little as 25% of CA by weight11. 
The diameter and porosity of the pellets and that of the fibers in the hollow fiber bed, were 
set at values which had been generally used in experimental work in literature 19. These are 
reported in Table A2 Appendix B. The bed packing fraction for both the packed bed as well 
as the hollow fiber bed were assumed to be 0.68 (i.e. a bed void fraction of 0.32). 
The properties of the 13X crystals were taken from the experimental measurements 
that had been made by Narin et al 12. Some of the properties of the solid phase had been 
reported as bulk values for the packed bed pellet phase as a whole (i.e. including the 
macropores and the crystals). Crystal property values were back calculated. The bulk fiber 
property values including the crystal, CA as well as the macropores were subsequently 
calculated. The detailed calculations are included in Appendix B. The final values are 
reported in Table B2 in Appendix B.  
Table B3 in Appendix B is a complete list of all the correlations that have been used 
to estimate the transport and physical property parameters in both models12,20,21. The 
Wakao and Funazkri correlations for axial dispersion in the packed bed model is well 
known 20. However, such detailed studies on the axial dispersion in a hollow fiber bed are 
missing in literature. As an approximation the same correlation is used for both beds. This 
does not affect any results presented since, the operation regime was chosen such that 
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dispersion has negligible influence, as has been elaborated in the “Optimization procedure” 
section. Table B4 in Appendix B lists the property details for propylene, propane and the 
non-adsorbing component helium which was assumed to fill the bed when not under 
operation. 
2.4 Results - parametric comparison  
At this stage a few preliminary comparisons may be made between the properties 
of the packed bed and the hollow fiber bed, without carrying out simulation of an actual 
separation process, as elaborated below.  
 
Figure 2-6 - (a) Amount of adsorbent available per unit volume of the bed with 
varying bed packing fraction for both the packed bed and the hollow fiber bed. (b) 
Pressure drop variation in the packed bed and hollow fiber bed with superficial 
velocity. ε is the bed void fraction. 
Figure 2-6 (a) shows that the amount of adsorbent in a given volume of the packed 
bed is approximately 2.7 times larger than that in the same volume of the hollow fiber bed. 
This disadvantage can be attributed to the presence of the bore which reduces the actual 
volume that is available for the solid phase in the hollow fibers, and the need to have a 
porous polymer as the fiber material. On the other hand, for the packed bed, a very low 
quantity of binder material is required to form pellets (binderless pellets in this study).  This 
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difference is partially offset by the higher packing fraction of the fibers in the bed compared 
to the pellets.  The minimum possible ε for packed bed is 0.27, and for hollow fiber bed is 
0.10. 
 
Figure 2-6 (b) shows the variation of pressure drop per unit length of the bed with 
superficial gas velocity for both configurations. With similar bed velocities and bed void 
fraction of 0.32, the pressure drop in the hollow fiber bed almost appears negligible 
compared to the packed bed, for the same bed length. The pressure drop in the hollow fiber 
bed is so low that the equivalent pressure drop is achieved only with a solid packing fraction 
of almost 90% of the total volume (ε=0.1). Such a high packing fraction is the highest 
theoretically possible value for circles in a plane. The lower pressure drop in the hollow 
fiber bed may be attributed to the structured nature of its packing. 
Table 2-2 shows the values of the three mass transfer coefficients for the same 
external gas volumetric flow rate and the same bed void fraction. Multiplying these 
coefficients by the adsorbed phase concentration driving force (∆q) gives the molar uptake 
rate per unit volume of the pellet (moles/sec/m3 pellet). Detailed derivations are provided 
in Appendix B. In both configurations, the macropore mass transfer coefficient (k’macro) 
has the smallest value. This indicates that macropore diffusion is the dominant resistance 
to the overall mass transfer from the bulk gas to the adsorption sites on the crystals. The 
resistance offered by gas film and crystal diffusion is comparatively negligible.  
It can also be seen in Table 2-2 that k’macro for the hollow fiber bed is nearly twice 
that of the packed bed. This indicates that the overall mass transfer performance of the 
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hollow fiber bed would be significantly better than that of the packed bed. This may be 
attributed to the fact that the diffusion length in the hollow fiber bed is from the outer radius 
only to the bore (inner radius), ROD – RID = 0.378 mm. On the other hand, the packed bed 
requires diffusion from the surface of the pellet to the center of the pellet, Rp = 0.8 mm.  
Table 2-2 - Mass transfer coefficients in the packed bed and the hollow fiber 
bed for same interstitial bulk gas velocity (1.05 m/s) and same bed void fraction 
(0.32). The coefficients are calculated on the basis of a unit volume of the pellet (or 
hollow fiber) and the difference between the actual and the equilibrium adsorbed 
phase (q*) as the driving force 

















k’gas 93.53 17.98 11.17 2.06 
k’macro 2.80 5.40 0.13 0.62 
k’micro 5.39×10
5 2.42×105 8.89×104 3.99×104 
 
Table 2-3 shows that the overall heat transfer coefficient per unit volume of 
adsorbent material for the hollow fiber bed, hoverall = 1.15 × 10
7 W/K.m3-fiber, is 
significantly higher than that of the packed bed, 3.89 × 103 W/K.m3-pellet. This is due to 
the structural difference of the two beds. In the packed bed the heat is transferred through 
three media in series as follows:  (1) from the pellet to the gas (ℎ𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑛𝑡−𝑔𝑎𝑠), (2) the gas 
to the wall (ℎ𝑔𝑎𝑠−𝑤𝑎𝑙𝑙), and (3) from the wall to the surroundings (ℎ𝑤𝑎𝑙𝑙−𝑎𝑚𝑏𝑖𝑒𝑛𝑡). On the 
other hand, in the hollow fiber bed the heat transfer occurs in parallel to the gas mixture 
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through the following two media: (1) from the adsorbent to the gas (ℎ𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑛𝑡−𝑔𝑎𝑠), and 
(2) from the gas to the fluid in the bore of the fiber(ℎ𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑛𝑡−𝐻/𝐶 𝑚𝑒𝑑𝑖𝑢𝑚). Detailed 
derivations for each of these heat transfer coefficients are provided in Appendix B.  
Table 2-3 - Heat transfer coefficients in the packed bed and the hollow fiber 
bed for same interstitial bulk gas velocity (1.05 m/s) and same bed void fraction 
(0.32). Units: (Watt/K) / (m3 of solid phase i.e. pellet or fiber. Detailed derivation: 
Appendix B 
 ℎ𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑛𝑡−𝐻/𝐶 𝑚𝑒𝑑𝑖𝑢𝑚 ℎ𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑛𝑡−𝑔𝑎𝑠  ℎ𝑔𝑎𝑠−𝑤𝑎𝑙𝑙  ℎ𝑤𝑎𝑙𝑙−𝑎𝑚𝑏𝑖𝑒𝑛𝑡  𝒉𝒐𝒗𝒆𝒓𝒂𝒍𝒍 
W/m2. K  W/m3 . K W/m3 . K W/m3 . K W/m2 . K W
/m3 . K 
𝐖



























The overall heat transfer co-efficient (ℎ𝑜𝑣𝑒𝑟𝑎𝑙𝑙) for the hollow fiber bed was found 
to be 1.2 × 107 W/K.(m3 of fiber). The ℎ𝑜𝑣𝑒𝑟𝑎𝑙𝑙 for the packed bed was found to be 
significantly smaller, 3.9 × 103 W/K.(m3 of pellet). It can be confirmed that the significant 
difference in the overall heat transfer coefficient between the two beds is not due to the 
heat transfer utility (cooling fluid versus air). Even if ℎ𝑤𝑎𝑙𝑙−𝑎𝑚𝑏𝑖𝑒𝑛𝑡 of the packed bed was 
artificially increased to match ℎ𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑛𝑡−𝐻/𝐶 𝑚𝑒𝑑𝑖𝑢𝑚 of water in the hollow fiber (7,268 
W/m2K), the overall heat transfer coefficient for the packed bed would be only 1.07 × 104 
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W/K.(m3 of pellet), which is smaller than that of the hollow fiber bed by three orders of 
magnitude The high surface to volume ratio due to the presence of the bore gives a very 
significant advantage to the hollow fiber bed. 
The properties in favor of the hollow fiber bed are the better mass and heat transfer 
coefficients and, the lower pressure drop. The comparative disadvantage of having a lower 
packing efficiency in the hollow fiber bed is, however, not clear. Further conclusions 
regarding the relative performance of both configurations requires process simulation. 
2.5 Process performance comparison 
For further insight into the relative performance of the hollow fiber bed and the 
packed bed, the models of section 2.4 were simulated to represent similar single-bed, multi-
step VPSA processes in both configurations. The aim of the processes was to obtain a 
purified stream of propylene (which has a stronger affinity towards 13X) from a 50:50 
mixture of propylene/propane. The effectiveness of the desired separation that was 
achieved at the cyclic steady state (CSS) for each process was used for the comparison.  
The aim was to provide conditions that allowed the beds to remain as close to feed 
temperature as possible by choosing boundary conditions, as summarized in section 2.5.2. 
As stated previously, the adsorption pressure, Pads is 1.5 bar while the desorption pressure, 
Pdes is 0.1 bar. All inlets to the process are at 100
0 C. Both the Tamb for the packed bed and 
the inlet temperature of the bore fluid (Tbf) for the hollow fiber bed were 100
0 C.  
2.5.1 Operation scheme for separation process  
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Figure 2-7 is a representation of the steps that were used in the VPSA scheme. The 
process begins with counter-current (to the process feed inlet) pressurization to adsorption 
pressure (Pads), with the weakly adsorbed component (propane). This is followed by the 
adsorption step with the feed mixture and a rinse step with the strongly adsorbed 
component (propylene) both at Pads. Both these steps produce propane (weakly adsorbed 
component) at the product end. Then the rinse step is carried out to improve the purity of 
the propylene that will be recovered in the subsequent steps. The loss in recovery of 
propylene as a result of rinsing was accounted for during the performance parameter 
calculations. At this point the bed is mostly filled with the strongly adsorbed propylene 
which needs to be recovered. Then a counter-current blowdown operation is carried out to 
decrease the pressure to the desorption pressure (Pdes) and simultaneously recover the 
propylene at the product end. Finally in the purge step, the bed was counter-currently 
purged with propane (weakly adsorbed component) at Pdes to further improve the recovery 
of propylene. This improvement in recovery is however at the cost of purity of the 
propylene product.  
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Figure 2-7 - Schematic of the VPSA cycle for the production high-purity propylene 
(storage tanks added to modify cycle from Narin et al 12) 
The process schematic includes two additional holding tanks apart from the single 
bed that is used for the separation. These are necessary for a more realistic representation 
of the process operation allowing the product composition to be consistent with the 
operation as opposed to assuming that completely pure product is available. The outflow 
from the adsorption and rinse processes is stored in the “propane product” holding tank 
while that from the blowdown and purge steps is stored in the “propylene product” holding 
tank. The process was simulated such that the composition of the inlet of the rinse step and 
the “propylene product” and, that of the inlet of the pressurization and the purge steps and 
the “propane product” were the same at cyclic steady state. We employed this realistic 
assumption instead of using pure products in the rinse and purge steps, so that we can avoid 
over-estimation of the separation efficiency of the process. The mass balance of the 
products in the tanks are given by: 
  Ntankpropane
i,end = ∫ Abed(CC3H8 + CC3H6)ug0|z=L
tadsorption+rinse
0
dt     (2.8) 
  Ntankpropylene
i,end = ∫ Abed(CC3H8 + CC3H6)ug0|z=0
tblowdown+purge
0
dt     (2.9) 
  Nproduct 
i = Ntankpropane
i,end − Npurge





                             N = total molesi i end iN N N     (2.11) 




i+1  (2.12) 
  Npurge
i = Npurge
i+1  (2.13) 
2.5.2 Boundary conditions 
To simulate the VPSA process, the boundary conditions (BC’s) are changed in each 
step. In this study, Danckwerts’ BCs were used and have been reported in Table 2-4 for 
each of the five steps. We found that instead of simply specifying inlet or outlet pressure 
of the bed, pseudo-valve equations must be implemented to simulate the blowdown and 
the pressurization steps (Table 2-4) to avoid unrealistic velocities. Implementing the 
constant pressure boundary conditions (i.e. Pz=0 = Pdes), resulted in a maximum velocity of 
~110 m/s (Figure 2-8 (a)) in the hollow fiber bed outlet during blowdown, which is not 
practical. To avoid such high flow rates, we chose the valve constants Mb and Mp to be 0.8 
for both beds to restrict the flow rates below 25 m/s in the hollow fiber bed.  
Figure 2-8 (b) indicates that the highest velocity in the packed bed (length = 1.2 m) 
is much smaller, at 10% of that in the hollow fiber bed (length = 3 m), during blowdown. 




Figure 2-8 - Velocity profiles at different times for (a) a hollow fiber bed of length 3 
m (b) a packed bed of length 1.2 m, during blowdown from an initial pressure of 1.5 
bar to a final pressure of 0.1 bar. The simulations were run such that the outlet 
pressure was constantly held at 0.1 bar during the entire blowdown. 
Table 2-4 - Boundary conditions for the 5-step single bed VPSA process 
Units: Concentrations: mol/m3 , Pressure: bar, time: sec, velocity: m/s, Temperature: K 
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Table 2-4 continued 
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𝑃𝑡𝑜𝑡|𝑧=0+  =  𝑃𝑡𝑜𝑡|𝑧=0+
0  −  (𝑃𝑡𝑜𝑡|𝑧=0+
0 − 𝑃𝑑𝑒𝑠)(1 − 𝑒𝑥𝑝(−𝑀𝑏𝑡))       𝑢𝑔𝐿−
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(𝐶𝑔,𝑖𝑖𝑛 − 𝐶𝑔,𝑖𝐿−)  
  where 𝐶𝑔,𝑖𝑖𝑛





    
𝑃𝑡𝑜𝑡|𝑧=0+ =  𝑃𝑑𝑒𝑠         𝑢𝑔𝐿− = 𝑣𝑝𝑢𝑟𝑔𝑒 
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2.5.3 Performance parameters 
The metrics that were used to compare the overall separation performance of the 
two different configurations over the above mentioned cycle are, the purity and recovery 
of the propylene product, and the productivity of the bed producing propylene. The purity, 
recovery and the productivity of the beds for propane stream are also important parameters 
that were monitored. The definitions used for each parameter are listed below: 




  RecoveryC3H6 =  100 ×
blowdownout,C3H6  + purgeout,C3H6− rinsein,C3H6
adsin,C3H6
 (2.15) 








Productivity (moles/kg adsorbent/hr, velocity in m/sec, tcycle in sec)  
Packed Bed: 
  ProductivityC3H6 = 3600 ×










Hollow Fiber Bed: 
  ProductivityC3H6 =  3600 ×





2 ) ⁄ L timecycle
 (2.20) 






2 ) ⁄ L timecycle
  
(2.21) 
The terms adsin , rinsein , purgein, pressin represent the total molar flow rates into the 
bed during the entire duration of the respective cycle step. The subscript out represents 
total molar outlet flow during an entire cycle step. The total molar flow of a given 
component is calculated by a time integral.  For example: 
  adsout,C3H8 = ∫ CC3H8ug0|z=L
tadsorption
0
dt   (2.22) 
The molar flows for the hollow fiber bed are calculated in terms of interstitial 
velocity (ugi), rather than the superficial velocity (ug0) for convenience. For example: 






2.5.4 Simulation procedure 
To simplify the flowsheet shown in Figure 2-7, the compositions of the rinse and 
purge streams were provided as independent inputs to the system, rather than attempting 
to solve a recycle loop. There are two constraints that should be satisfied by this decoupled 
system at cyclic steady state (CSS).  
  xpress,C3H8
in × 100 = xads,C3H8
in × 100 = PurityC3H8 (2.24) 
  xrinse,C3H6






in represent the mole fraction of the 
respective components in the inlet stream for the pressurization, adsorption and rinse steps. 
The constraints were met after several iterations with varying inlet compositions of the 
rinse and purge, allowing each iteration to reach the CSS. Further details are included in 
section 2.5.5.4. 
The process simulations were performed using gPROMS 22. The OCFEM 
(orthogonal collocation) scheme was used to discretize all axially varying parameters and 
variables. Time integration was performed using the default solver DASOLV. The bed was 
assumed to be filled with the non-adsorbing gas helium at feed temperature and pressure 
as the initial condition. The steps were cyclically simulated using the final conditions of 
the previous cycle as the initial conditions for the next one. The procedure was repeated 
until the squared sum of errors between the initial and final concentration profile in a cycle 
reached a specified tolerance value. The number of discretization points used were varied 
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such that the numerical dispersion had negligible effect and the cyclic simulations were 
numerically robust. 
2.5.5 Optimization procedure 
The purity, recovery and productivity, in terms of the desired product, in this case 
propylene, determine the efficiency and a significant fraction of the cost of mixture 
separation by a cyclic adsorption process. The objective of the optimization problem was 
to maximize the recovery of propylene using each of the fiber and packed bed 
configurations. A certain level of minimum purity was imposed for the propylene product. 
The variation of productivity as an outcome of this optimization was then studied as a 
performance indicator which will reflect tradeoffs in recovery and other cycle parameters. 
For fixed process pressures (high: 1.5 bar, low 0.1 bar) and inlet temperatures 
(1000C), the variables which determine the optimum performance are: length of the bed 
(L), velocity of the process stream (v), velocity of the heating/cooling fluid in the bore 
(vbore) of the hollow fiber bed and, the cycle times for each of the individual process steps 
involved in the separation (tads, trinse , tblowdown, tpurge, tpressurization). As a base case, the inlet 
velocities for the rinse and purge steps were the same as the feed velocity. 
2.5.5.1 Process stream velocity and bed length 
Since energy consumption is an important consideration in implementing a VPSA 
process, we tried to set conditions that ensure equivalent upstream compression cost for 
both process configurations.  Specifically, these conditions ensured that, the bed pressure 
drop as well as the volumetric flowrate of the feed gas, were kept the same in the two beds.   
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Table 2-5 lists the values of the bed length and diameters used along with the 
corresponding stream velocities. The pressure drop (∆P) was fixed at 0.1Pads (0.15 bar) and 
the volumetric flow rate was set to 16 standard liter per minute (SLPM). In this study, the 
length of the hollow fiber bed is fixed to 3.0m to avoid unrealistically long fibers.  
For the packed bed, the bed diameter was varied to maintain the same volumetric 
flow rate and pressure drop. Varying the diameter of the packed bed did not affect cycle 
performance significantly, since radial distributions of concentration and temperature were 
ignored.   Nevertheless, the diameter did have a small impact on the heat transfer area 
between the packed bed and the surroundings. The radial independence assumption was 
justified for all combinations of the packed bed length and diameter since, the rate of radial 
heat conduction from the center to the outer surface of the bed was fast, compared to the 
rate of heat transferred away from the bed surface to the exterior. 










Packed Bed 1.0 2.68 16 1.35 
1.5 3.04 16 1.04 
2.0 3.34 16 0.86 
Hollow Fiber Bed 3.0 2.12 16 2.15 
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2.5.5.2 Negligible effect of dispersion 
For the conditions of this chapter, dispersion had no significant impact on the cyclic 
purity and recovery of propylene at CSS, for the hollow fiber bed, as shown in Table 2-6. 
This justifies the adoption of the The Wakao-Funazkri correlation 20 for the packed bed, to 
also estimate the magnitude of dispersion in the hollow fiber bed. As mentioned previously, 
accurate knowledge of dispersion in a hollow fiber bed is not available in literature. The 
velocities for the packed bed were set in the range similar to the hollow fiber bed and 
dispersion is expected to have a negligible impact on its process performance as well, given 
the structured nature of the packing.   
Table 2-6 - Sensitivity of overall process (with the same step lengths) purity 
and recovery of propylene to the magnitude of axial dispersion.  (Dbase represents 
the axial dispersion co-efficient obtained using the Wakao-Funazkri correlation 20 in 







0.5 Dbase 99.5 36.7 
Dbase 99.5 36.7 
2 Dbase 99.4 36.6 
5 Dbase 99.2 36.5 
2.5.5.3  Velocity of cooling fluid through the bore 
Velocity of the cooling/heating fluid through the bore of the hollow fiber bed, and 
consequently its heat transfer efficiency, is an important factor determining process 
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performance. To find an optimal value for vbore, a sensitivity analysis was performed on 
cyclic purity and recovery. In this analysis, a hollow fiber bed cycle was fixed and the CSS 
purity and recovery were observed for the different cooling fluid velocities. We found that 
there was a limit to the process performance improvement that can be achieved by 
increasing cooling fluid velocity, which improves the heat transfer efficiency.  Process 
purity reaches a plateau by increasing the bore fluid velocity beyond 0.5 m/s (Figure 2-9 
(a)). This was therefore chosen as the optimal velocity of the bore fluid in the hollow fiber 
bed.  
 
Figure 2-9 - (a) Propylene purity and recovery and (b) Cyclic gas phase temperature 
profiles, for different values of cooling fluid velocity in the hollow fiber bed, with the 
same process cycle 
Cyclic temperature profiles of the gas at the center of the hollow fiber bed are 
plotted in Figure 2-9 (b) for different bore fluid velocities. It was observed that the heat of 
adsorption was completely removed during the pressurization, feed and rinse steps. The 
gas temperature does not rise very much from the feed temperature of 1000 C, irrespective 
of the cooling fluid velocity. The velocity of the cooling fluid, however, has a significant 
impact on the temperature drop during the blowdown step. This is probably because during 
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blowdown there is no gas supply which can provide heat to the fiber, and thus water is the 
only heat source in this step.  
2.5.5.4  Procedure for optimizing cycle times 
The process cycle has five step lengths, tpress, tblowdown, tads, tdes, trinse, and tpurge, which 
must be optimized. The following methodology has been used to perform a grid search to 
find the optimal combination. In this study, the pressurization and desorption times, tpress 
and tblowdown, were determined in the following manner: 
Pressurization: The pressurization time tpress was fixed at the time taken for the 
average bed pressure (𝑃𝑏𝑒𝑑𝑎𝑣𝑔) to reach 99% of the desired Pads (1.5 bar) at CSS.  
    Pbedavg|t=tpress = 0.99 Pads (2.26) 
Blowdown: The blowdown time tblowdown was determined in a similar manner, but 
we define a tolerance 𝑡𝑜𝑙𝑏𝑙𝑤 > 0 as follows:  
  Pbedavg|t=tpress = (1 + tolblw) Pdes (2.27) 
We investigated the influence of 𝑡𝑜𝑙𝑏𝑙𝑤 in section 2.6.1. 
For the remaining 3 step lengths, tads, trinse, and tpurge, we employed a grid search 
approach. The details have been shown in the form of an algorithm below. The procedure 
will be referred to as algorithm 5.1 in the remaining article. 
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Step 1: Let i = 1 and j = 1 
Step 2: Let 𝑡𝑎𝑑𝑠 = tads
i   
Step 3: Let 𝑡𝑟𝑖𝑛𝑠𝑒 = 𝑡𝑟𝑖𝑛𝑠𝑒
𝑗
  










C H C H
t
Rec Recove tolry Purity    
where tolpurity is the minimum propylene purity required. 
Step 5: Let j = j+1 and go to Step 3  
Step 6: From the solutions in Steps 3-5, find optimal trinse as follows: 
   opt opt,purge,rinse purgemax
j
jRec Rec  
Step 7: Let i = i+1, j = 0, and go to Step 2                  
where 
ads
jt  and rinse
jt  are discretized adsorption and rinse time, respectively. 
To illustrate the grid search approach, an illustration for Steps 2-7 are shown in 
Figure 2-10 (a) and (b). In Step 4, the optimal purge time  𝑡𝑝𝑢𝑟𝑔𝑒 was found in the trade-
off between purity and recovery, as shown in Figure 2-10 (a). In this example, the tolerance 
𝑡𝑜𝑙𝑝𝑢𝑟𝑖𝑡𝑦 was set to 99.5% (the point marked ‘X’ Figure 2-10 (a)), and the corresponding 
purge time tpurge was found to be 84 sec. This optimization step is repeated, changing the 
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rinse time trinse in the loop between Steps 3 and 5. After obtaining optimal tpurge at different 
values of trinse, we proceed to Step 6 where the optimal rinse time (trinse) is found to 
maximize the recovery (Figure 2-10 (b)). This sequence of steps is repeated by changing 
the adsorption time tads (Steps 2 and 7). 
Inlet composition of purge and rinse: As mentioned in section 0, the inlet 
compositions of the rinse and purge should have the same purity as the product propylene 
and propane streams respectively (Eq. 5.17 – 5.18). The inlet composition of the rinse was 
set at the value of the constraint purity of propylene (99.5% here). An initial guess of 100% 
pure purge stream was used as a starting point. For each 𝑡𝑎𝑑𝑠 the optimal 𝑡𝑟𝑖𝑛𝑠𝑒 and 𝑡𝑝𝑢𝑟𝑔𝑒 
combination was found for this iteration. The purity of propane product, corresponding to 
the optimal point was used as the inlet purge composition in the next iteration. The 
procedure was repeated till the difference in the compositions of the purge inlet and the 
outlet propane rich stream at the optima were within ±1.0%. 
      
Figure 2-10 - An example of the behavior in a 1.5m packed bed of (a) CSS purity 
and recovery with increasing length of purge for constant adsorption (12 sec) and 
rinse times (50 sec) and (b) CSS recovery of propylene with increasing length of 
rinse for constant adsorption time (19 sec) with the constraint of a minimum purity 
requirement (99.5%) 
2.6 Optimized results 
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2.6.1 Effect of blowdown time 
For a fixed adsorption time, the optimal process performance was found to be 
significantly affected by the value of 𝑡𝑜𝑙𝑏𝑙𝑤 = (𝑃𝑏𝑒𝑑𝑎𝑣𝑔 − 𝑃𝑑𝑒𝑠)/𝑃𝑑𝑒𝑠. Figure 2-11(a) 
shows a comparison of tblowdown, the time required by each bed to reach the corresponding 
tolblw, between the hollow fiber bed and the packed bed when Pdes = 0.1 bar at the outlet. 
Figure 2-11(b) shows the same comparison when Pdes = 0.3 bar. The length of the packed 
bed is 1.5 m and that of the hollow fiber bed is 3 m.  
 
Figure 2-11 - Exponential decrease of time required to blowdown a 3m long hollow 
fiber bed with increasing gap between average bed pressure and the desired vacuum 
pressure (Pdes) applied at the end of the bed. (a) Pdes =0.1 bar and (b) Pdes = 0.3 bar. 
Irrespective of the Pdes, there is an exponential increase in tblowdown with 
decreasing 𝑡𝑜𝑙𝑏𝑙𝑤 (Figure 2-11(a)). On the other hand, at the higher value of Pdes (0.3 bar), 
tblowdown can be reduced significantly, as can be seen by comparing the values of the vertical 
axes in Figure 2-11(a) and (b); the time needed to reach tolblw  = 0.1 increases by over 6 
times (from 30  to 200 seconds) when Pdes is decreased from 0.3 to 0.1 bar.  Besides, the 
time required to reach the same 𝑃𝑏𝑒𝑑𝑎𝑣𝑔  is much higher, nearly twice, in the packed bed 
( (
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than that in the hollow fiber bed. This can be attributed to the higher pressure drop for the 
unstructured packing in the packed bed. 
Figure 2-12- (a) for the hollow fiber bed and (b) for the packed bed – are plots of 
the optimum recovery for different values of tolblw Figure 2-12– (c) for the hollow fiber bed 
and (d) for the packed bed – show the plots for the corresponding productivity at different 
tads at  Pdes = 0.1 bar and tolpurity = 99.5%.  It is observed in Figure 2-12(a) and (b) that 
decreasing tolblw i.e. continuing the blowdown step for longer duration, the recovery 
increases. This recovery improvement becomes insignificant at shorter adsorption times 
when tolblw is lower than 0.3. It can also be seen in Figure 2-12(c) and (d) that the 
corresponding productivity however, has a concave trend and there is a maximum. To 
maintain a balance between the improvement in recovery and a loss of productivity, tolblw 
= 0.3 was chosen as a good trade-off point in all further calculations in this study. 
For the case of Pdes = 0.3 bar it was found that tolpurity = 99.5% could not be achieved 
with significant recovery. Therefore, tolpurity was relaxed to 97%. After performing the 
analysis described previously, it was found that tolblw = 0.1 provided a good balance 
between the recovery and bed productivity.   
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Figure 2-12 - For Pdes = 0.1 bar with a purity requirement of 99.5%, the optimum 
recovery and the corresponding productivity is shown for different durations of 
adsorption, as indicated in the legend.  (a), (c) Results for hollow fiber bed and 
(b),(d) results for packed bed. The length of the packed bed is 1.5 m and that of the 
hollow fiber bed is 3 m.  
2.6.2 Comparison of optimal process performance 
As discussed in the previous section, two cases have been considered for comparing 
the performance of the hollow fiber bed and the packed bed. In the remaining discussion, 
the two conditions shown in Table 2-7 are considered.   
The length of the packed bed is fixed at 1.5m and the hollow fiber bed at 3m. The 
diameter of each is adjusted such that a volumetric flow rate of 16 SLPM gives a pressure 
drop of 0.15 bar (discussed previously). The rinse and purge velocities for both beds were 
the same as the corresponding feed velocity.  
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Table 2-7 - Conditions for case studies 
 Pdes  (bar) tolpurity (%) tolblw 
Case 1 0.1 99.5 0.3 
Case 2 0.3 97.0 0.1 
 
 
Figure 2-13 – Figure shows maximum recovery and corresponding productivity in 
the packed bed and the hollow fiber bed for varying adsorption times for (a) Case 1, 
and  (b) Case 2  
value of 𝑡𝑎𝑑𝑠 was not straightforward. It can be seen in these figures that decreasing 
𝑡𝑎𝑑𝑠 resulted in higher values of propylene recovery. However, the productivity began to 
drop once a certain minimum 𝑡𝑎𝑑𝑠 had been reached. This is evident in these figures where 
the bed productivity shows a maximum despite the monotonic increase of recovery with 
decreasing 𝑡𝑎𝑑𝑠. This behavior can be attributed to the observation that the requirement of 
the volume of rinse and purge relative to the feed volume increased as the 𝑡𝑎𝑑𝑠 reached 
very low values.  
Figure 2-13(a) also shows a comparison of the performance of the hollow fiber bed 
with that of the packed bed for Case 1. We observe the same trend for both hollow fiber 
and packed beds that the recovery decreases with tads, while the productivity has a 
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maximum. However, the productivity of the hollow fiber bed is significantly higher. The 
maximum productivity of the packed bed is 0.75 mol/kg/hr for a purity of 99.5 % while it 
is 4.16 mol/kg/hr for the hollow fiber bed, a 5.5 times improvement. The improved 
performance may be attributed to several factors: the shorter blowdown time requirement 
(Figure 2-11), the improved mass transfer co-efficient and the ability to mitigate the heat 
of adsorption/desorption using a fluid through the bore of the hollow fiber bed. 
Figure 2-13(b) is a comparison of the performance of the hollow fiber bed and the 
packed bed for Case 2. The trends observed in the productivity and the recovery with 
decreasing 𝑡𝑎𝑑𝑠is similar to Case 1 despite the significantly reduced impact of the 
blowdown time on the overall process time (discussed in Section 2.6.1). The hollow fiber 
bed still outperforms the packed bed. The maximum value of the productivity is 0.63 
mol/kg/hr in the packed bed compared to 3.09 mol/kg/hr for the hollow fiber bed, nearly a 
5 fold improvement.  
A comparison of Case 1 (Figure 2-13(a)) and 2 (Figure 2-13(b)) shows that the 
productivity is significantly higher in Case 1.  This is because in Case 2 where the 
desorption pressure 𝑃𝑑𝑒𝑠 is higher (0.3 bar), the volume of rinse and purge must be 
increased to compensate the incomplete desorption, while 𝑡𝑏𝑙𝑜𝑤𝑑𝑜𝑤𝑛 can be reduced 
(Figure 2-11). On the other hand, the recovery achieved is higher in Case 2, possibly due 
to the lower purity requirement. The comparison of Figure 2-13(a) and (b) also shows that 
the maximum recovery also experiences a sharper drop with increasing 𝑡𝑎𝑑𝑠 in Case 2 
where 𝑃𝑑𝑒𝑠 is higher.  
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A similar comparison of productivity which is however based on total volume of 
the bed (mol/m3-bed/hr) has been shown in Appendix B (Figure S1). Results in terms of 
volumetric productivity corresponding to Figure 2-14 and Figure 2-15 have also been 
included in Appendix B. In terms of volumetric productivity (mol/m3-bed/hr) the hollow 
fiber bed still shows a nearly 2 fold improvement over the packed bed. 
2.6.3 Impact of changing bed length and purge gas velocities on relative performance of 
packed bed and hollow fiber bed 
The following discussion explores the impact of bed length and purge gas velocities 
on the performance of the packed bed and the hollow fiber bed. 
2.6.3.1  Bed length 
The recovery and productivity of the optimized process was studied for Case 1 
while varying the length of the packed bed to 1m and 2m from the original value of 1.5m.  
The diameter was simultaneously varied to maintain equal pressure drop of 0.15 bar and 
volumetric flow rate of 16 SLPM for each case study.   
For the packed bed, Pareto plots for optimum recoveries at different 𝑡𝑎𝑑𝑠 and their 
corresponding productivities are shown in Figure 2-14 (a) for the length of 1m, 1.5m and 
2m. As can be seen in this figure, the productivity has a maximum for each bed length. 
Furthermore, the maximum recovey increases as the bed length increases; a bed length of 
1m was found to be too small to allow sufficient separation of the propylene/propane 
mixture, giving very low recoveries. On the other hand, the longest bed of 2m suffers from 
low productivity.  
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Figure 2-14 - Pareto plot for recovery and productivity tradeoff when desorption 
pressure is 0.1 bar and the minimum purity requirement is 99.5% for (a) different 
lengths of the packed bed and 3m long hollow fiber bed (b) magnified view of the 
packed bed pareto plot. 
Figure 2-14 (a) also shows the Pareto plot for the hollow fiber bed (3 m), for 
comparision with the performance of the packed bed (which is also plotted separately in 
Figure 2-14(b)). As can be seen from this figure, the hollow fiber bed always achieves 
higher productivity than all of lengths of the packed bed considerd in this study (1, 1.5, and 
2m). . 
2.6.3.2  Purge velocity 
We analyze the influence of purge velocity for both Case 1 and Case 2. These case 
studies were repeated for the packed bed and the hollow fiber bed after increasing purge 




= 1), while in this section, it is increased to two (
𝑣𝑒𝑙𝑝𝑢𝑟𝑔𝑒
𝑣𝑒𝑙𝑓𝑒𝑒𝑑
= 2).  The duration 
of time required to supply similar volumes of the purge gas decreased proportionately as a 
result of the increase in purge velocity. In a separate analysis which is not included here, it 
was observed that, for the same duration of the feed (adsorption) step, the maximum 
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recovery of propylene decreased significantly when the purge velocity is increased, while 
the optimum volume of purge gas required for maximum possible recovery did not change 
significantly. 
Figure 2-15(a) shows, in a Pareto plot, the bed productivity versus the maximum 
recovery for Case 1 in the packed bed and hollow fiber bed. The Pareto plot was generated 
by varying durations of the feed step. It is seen that in both beds, for the same optimum 
recoveries the bed productivity is lower at 
𝑣𝑒𝑙𝑝𝑢𝑟𝑔𝑒
𝑣𝑒𝑙𝑓𝑒𝑒𝑑
= 2 than at 
𝑣𝑒𝑙𝑝𝑢𝑟𝑔𝑒
𝑣𝑒𝑙𝑓𝑒𝑒𝑑
= 1. Figure 2-15(b) 
shows the Pareto plot for the packed bed and hollow fiber bed for Case 2. Here, we observe 




2 than at 
𝑣𝑒𝑙𝑝𝑢𝑟𝑔𝑒
𝑣𝑒𝑙𝑓𝑒𝑒𝑑
= 1. The opposite trend in productivity for Case 1 and 2 can be explained 
by two competing factors. One factor is that, the duration of the optimal purge step time 
decreases when the purge velocity is increased. This has the effect of reducing the overall 
cycle time, and therefore, has a positive effect on the bed productivity. The other factor is 
that, the maximum recovery achieved decreases when the purge velocity is increased, 
which has a negative impact on the bed productivity. In Case 1, the blowdown, which takes 
a long time, was already effective since the desorption pressure was very low (𝑃𝑑𝑒𝑠 =
0.1 𝑏𝑎𝑟 ), and thus reduction in the purge time was insensitive to the overall cycle time.  
This is not the case in Case 2, where the blowdown was carried out in a shorter time at a 
higher pressure, and shortening the purge time has a significant impact on the productivity.  
In both of Case 1 and 2, it was observed that the productivity of the hollow fiber 
bed was always substantially higher than that of the packed bed (Figure 2-15(a) and (b)). 
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The sensitivity analysis on the purge velocity discussed above indicates that nearly 5 times 
higher productivity is achieved by the hollow fiber bed in comparison to the packed bed.  
 
Figure 2-15 - Pareto plot for productivity and recovery tradeoff for different purge 
velocities in a 1.5m long packed bed and a 3m long hollow fiber bed when (a) 
desorption pressure is 0.1 bar and the purity requirement is 99.5% (b) desorption 
pressure is 0.3 bar and the purity requirement is 97%  
2.6.4 Comparison of heat transfer efficiency  
The efficient transfer of heat from the hollow fiber bed plays a significant role in 
its improved performance. Figure 2-16 shows the CSS temperature profiles for both beds 
on a normalized time scale. It is observed that the temperature rise during the adsorption 
and rinse steps is approximately 13 0C at t/tcycle = 0.18 for the packed bed, while the 
temperature rises nearly zero for the hollow fiber bed because of the heat removal. In both 
beds, the temperature decreases in the desorption step due to heat of desorption; in the 
packed bed, the minimum temperature is approximately 96 0C at t/tcycle = 0.78, while that 
for the hollow fiber bed is approximately 95 0C at t/tcycle = 0.28. While the temperature 
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drops sharply in the hollow fiber bed, it returns to the feed temperature of 100 0C more 
quickly.  
 
Figure 2-16 - CSS temperature profile at the center of the bed on a normalized time 
scale for a 1.5m long packed bed and a 3m long hollow fiber bed.  2-6,9,12-15,17-34 
2.7 Conclusion 
In this chapter, we compared packed adsorption bed and hollow fiber bed 
performance through numerical modeling case studies. The two bed models are compared 
matching the volumetric flowrate and pressure drop with the target of separating of a 
mixture of propylene and propane on zeolite 13X.  A five step single bed cycle was used 
to compare the cyclic process performance of the two beds.   
A detailed parametric comparison showed that the hollow fiber bed outperforms 
the packed bed in terms of heat and mass transfer coefficient as well as the pressure drop 
experienced by a flowing fluid. We found that the macropore diffusion was the controlling 
resistance in both beds, but was lower in the case of the fiber bed. Macropore diffusion 
control is usually expected for a typical equilibrium based separation such as the current 
study. 
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The presence of an impermeable lumen layer allowed for the use of a heating or 
cooling medium in the hollow fiber bed intensifying heat transfer by three orders of 
magnitude due to the small distances the heat has to travel in the fiber bed. However, this 
also means that the adsorbent packing density per unit volume of the hollow fiber bed, 
already lower due to the inactive polymer phase, was further reduced compared to the 
packed bed. We confirmed that this drawback would not reverse the advantages of the 
performance of the hollow fiber bed in our case studies.  
For the same recovery and purity, the hollow fiber bed was found to have a 
productivity (per weight of adsorbent) which was 5 times higher than the packed bed, a 
significant intensification of the adsorption process. The hollow fiber bed always maintains 
the advantage of higher productivity, even when the recovery was sacrificed by increasing 
the purge velocity, for the case when extent of vacuum was lower (Pdes=0.3 bar).  It was 
also found that the 3m fiber bed always achieves higher productivity than the packed bed 
for three different lengths (1m, 1.5m, and 2m) considered in this study. Increased 
productivity per unit mass of adsorbent directly translates to proportionate reduction in the 
process capital cost when the adsorbent cost accounts for a majority of the expense. Even 
in terms of total volume of bed required to process similar volumetric flow of a gas mixture 
the hollow fiber bed consistently showed a 2 fold improvement over the packed bed. These 
case studies therefore indicate that the hollow fiber bed can intensify the process 
performance for the equilibrium separation of a gas mixture over the traditional packed 




∆Hads,i heat of adsorption of component 
i (J/mol) 
Ptot total pressure (bar) 
a  area to volume ratio, pellet or 
fiber (1/m) 
Ptot|z
0 pressure at position z at the 
beginning of respective step 
(bar) 
Bii Biot no. at the gas pellet (or 
fiber) interface 
qi adsorbed phase concentration 
(mol/kg) 
Cg,tot total bulk gas phase 
concentration (mol/m3) 
qi* equilibrium adsorbed phase 
concentration (mol/kg) 
Cgi  bulk gas phase concentration 
(mol/m3) 
Qvol volumetric flow rate of gas 
(m3/s) 
Cinterface,i gas phase concentration at 
gas/pellet(or fiber) interface 
(mol/m3) 
R ideal gas constant 
cp,i heat capacity of component I 
(J/mol/K) 
Rbed radius of the bed, packed or 
hollow fiber (m) 
Cp,T total constant pressure heat 
capacity of gas (J/mol/K) 
Rc radius of crystal (m) 
Cp,tot total pellet gas phase 
concentration (mol/m3) 
Re Reynold’s number. 
Cp,w heat capacity of wall (J/kg/K) rfs radius of Happel’s free 
surface (m) 
Cp,bf heat capacity of fluid in the bore 
(J/kg/K) 
Rhyd hydraulic radius of fiber (m) 
cpf heat capacity of fiber (J/kg/K) RID inner radius of a single fiber 
(m) 
Cpi macropore gas phase 
concentration (mol/m3) 
ROD outer radius of a single fiber 
(m) 
Cv,ads,i heat capacity of adsorbed phase 
(J/mol/K) 
Rp radius of pellet (m) 
cv,i constant volume heat capacity 
of component i (J/mol/K) 
Sci Schmidt no. 
Cv,T  total constant volume heat 
capacity of gas (J/mol/K) 
Shi Sherwood no. 
Dax,i mass axial dispersion 
coefficient (m2/s) 
t time (sec) 
Dc,0A,I , 
Dc,0B,i 
pre-exponential factors for 
crystal diffusivity (m2/s) 
Tamb temperature of ambient (K) 
Dc,i crystal diffusivity (m
2/s) Tf temperature of fiber (K) 
Dfp,i macropore diffusivity inside 
fiber (m2/s) 
Tg gas temperature (K) 
Dp,i macropore diffusivity inside 
pellet (m2/s) 




  EB,i activation energy for crystal 
diffusion (J/mol) 
Tp solid phase temperature 
(pellet) (K) 
hf  Gas film heat transfer 
coefficient between gas and 
solid phase (W/m2/K) 
tstep-x total time required for step x 
(x = adsorption, blowdown 
etc) 
hw film heat transfer coefficient 
between gas and wall (W/m2/K) 
tw thickness of the wall (m) 
hbf film heat transfer coefficient 
between fiber and fluid in the 
bore (W/m2/K) 
Tw wall temperature (K) 
KbaràPa conversion factor for pressure 
(bar to Pa) 
U overall heat transfer 




thermal conductivity of pure 
component i (W/m2.K) 
ug0 superficial gas velocity (m/s) 
kg,i gas film mass transfer 
coefficient (m/s) 






LDF mass transfer coefficients 
(1/sec) 
vfib volume fraction of bed 
occupied by the fibers 
Kmix thermal conductivity of gas 
mixture (W/m2.K) 
vpurge velocity of the purge gas at 
inlet (m/s) 
L length of the bed (m) vrinse velocity of the rinse gas at 
inlet (m/s) 
Mp , Mb pseudo-valve coefficients 
during pressurization, 
blowdown 
ws weight fraction of adsorbent 
in the fiber 
MWi molar weight of component i 
(kg/mole) 




Ni flux of species i being removed  
from bulk gas phase (per unit 
volume of bulk gas) 
yads,j  mole fraction in the inlet 
Pads , Pdes  adsorption and desorption 
pressure (bar) 
yi mole fraction 
pi partial pressure (bar) z axial distance along column 
(m) 
Pr Prandtl no.   
2.8.1 Greek Letters 
µg viscosity of gas (Pa.s) ρb bulk density of the packed 
bed (kg/m3) 
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αw ratio of internal surface area to 
the volume of the column wall 
(1/m) 
ρf total density of fiber 
(including fiber void volume) 
(kg/m3) 
αwl ratio of the logarithmic mean 
surface area of the column shell 
to the volume of the column wall 
(1/m) 
ρg density of gas (kg/m
3) 
ε porosity of bed ρp total density of fiber 
(including pellet void 
volume) (kg/m3) 
εf porosity of fiber ρw density of wall (kg/m
3) 
εp porosity of pellet ρbf density of bore fluid (kg/m
3) 
λ axial heat dispersion (W/m.K) τ tortuosity of pellet 
λf thermal conductivity of fiber 
(W/m.K) 
τf tortuosity of fiber 
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CHAPTER 3. USING SITE HETEROGENEITY IN METAL-
ORGANIC FRAMEWORKS WITH BIMETALLIC OPEN METAL 
SITES FOR OLEFIN/PARAFFIN SEPARATIONS 
Parts of this chapter have been adapted from ‘You, W.; Sen, T.; Kawajiri, Y.; Realff, 
M. J.; Sholl, D. S., Using Site Heterogeneity in Metal-Organic Frameworks with Bimetallic 
Open Metal Sites for Olefin/Paraffin Separations. Submitted to ACS Appl. Nano Mater.’ 
This work was done in collaboration with Wenqin You, where she contributed to the 
molecular simulation aspects, whereas I contributed to the process simulation and 
optimization aspects. We both were equal contributors to the submitted manuscript. 
3.1 Introduction 
Adsorption in porous materials is a widely applicable technique for gas storage and 
chemical separations.1-6 Adsorbents can be described as homogeneous if the adsorption 
energies of all their sites are (approximately) equivalent or heterogeneous if adsorption 
sites with a range of energies are available. Although common industrial adsorbents such 
as activated carbons are spatially and energetically heterogeneous, it is widely thought that 
homogeneous adsorbents can allow higher performance than heterogeneous materials. An 
influential study supporting this view was work by Bhatia and Myers7, who showed in 
quite general terms that the storage capacity of an adsorbent is optimized for homogeneous 
adsorbents. Stated in a negative sense, Bhatia and Myers argued that heterogeneity is 
always detrimental for the storage capacity of an adsorbent. Energetic heterogeneity in an 
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adsorbent also leads to the heat of adsorption being temperature dependent, which can 
complicate process design.8  
 Metal-organic frameworks (MOFs) have drawn much attention as 
adsorbents because of their diverse and controllable structures. One strategy to diversify 
the range of MOFs that can be made is to synthesize materials that mix either organic 
linkers or metal centers.9-15 Examples are known where mixed metal MOFs have enhanced 
stability relative to the pure metal materials.16-17 Although these strategies can lead to large 
numbers of distinct materials, the discussion of homogeneous and heterogenous adsorbents 
above might suggest that mixed linker or metal MOFs will not perform as well as MOFs 
with a single linker and metal for adsorption applications. Our aim in this chapter is to 
examine whether this notion is correct. A specific application, adsorptive separation of 
ethylene and ethane by metal-organic frameworks (MOFs) with open metal sites (OMS), 
was chosen to study this question. The selective adsorption of ethylene over ethane can be 
achieved by MOFs with OMS because of the π-π interactions between olefin double bonds 
and OMS.1, 18-25  
One family of MOFs with OMS available for ethylene/ethane separation is M-BTC, 
which has M2 paddlewheel units with dimeric OMS.
26-29 Cu-BTC is the most well-known 
example of these materials. We have previously used Density Functional Theory (DFT) 
calculations to characterize the binding energy of ethylene, ethane and other small 
molecules in a wide range of M-BTC MOFs.30-31 A key conclusion from that work was that 
the species of metals making up OMS plays a more important role than pore topology or 
linker functionality. A number of experimental studies have shown that M-BTC MOFs 
with mixed metals can be synthesized.11, 32-33 Motivated by these observations and by the 
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large number of mixed metal M-BTC MOFs that can in principle exist, we aimed to 
understand whether mixed metal materials could ever outperform pure metal M-BTC 
MOFs for ethylene/ethane separations.  
Evaluating the performance of an adsorbent for a desired separation is challenging. 
A variety of simplified metrics, typically based on single component adsorption isotherms, 
have been proposed for this task.34-35 Shortcut models for specific processes such as 
pressure swing adsorption (PSA) have been developed.36 Unfortunately, the success of 
these approaches in predicting the results of full process models, at least in the sense of 
correctly ranking a list of materials, is limited.36-38 Park et al. demonstrated that gaps 
between the simplified and the full process models still exist after the process models haven 
been combined with molecular modeling strategies.39 For this reason, we examined the 
performance of M-BTC MOFs for ethylene/ethane separations using both simplified 
models and detailed process models. 
3.2 Methods (sections 3.2.1 to 3.2.3 are the contributions of W. You) 
3.2.1 Geometry optimization for the modelled materials 
For the homogeneous adsorbents, 12 metal-substituted M-BTCs (M = Cr, Mo, Fe, 
Ru, Ni, Cu, Mg, Ti, V, Mn, Co, and Zn) were studied, including seven experimentally 
reported materials (M = Cr,40 Mo,41 Fe,42 Ru,43 Ni,44 Cu,45 Zn46) and five hypothetical 
materials (M = Mg, Ti, V, Mn, and Co). The initial optimized structures for M-BTCs were 
taken from our previous work.31 We constructed initial structures for mixed metal materials 
(MM’-BTC) by replacing one of the metals with another metal species (M’) in each dimer 
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in M-BTC. Each mixed metal MM’-BTC was then energy-minimized in the absence of 
adsorbed molecules using Density Functional Theory (DFT) calculations.  
During geometry relaxation of MOFs, both the lattice parameters and atomic 
positions were simultaneously optimized using a plane-wave cutoff energy of 520 eV and 
Γ-point sampling for Brillouin zone integration. All calculations of binding energy and 
geometry optimization of MOF materials were performed using spatially periodic DFT 
using the Vienna Ab initio Simulation Package (VASP)47 with the PBE-D3 functional.48 
Hubbard U corrections are used for open shell 3d or 4d transition metals with the specific 
U value for each metal taken from earlier work.49-51  Antiferromagnetic ordering and a 
high-spin electronic state were used for each dimer OMS.28, 52 Our earlier work indicated 
by comparison with available experimental data that these choices lead to accurate 
predictions for the structure and molecular binding energies of these MOFs.30 Using a 
quasi-Newton method, geometries were relaxed until the force on each atom is smaller than 
0.03 eV/Å. The optimized lattice constants for 12 M-BTCs and 11 mixed-metal MM’-
BTCs are tabulated in the Appendix C. During calculations of molecular binding energies, 
all atomic positions of the MOF material and guest molecules were relaxed. The binding 
energies of adsorbed molecules (ethylene and ethane) were defined by 
 −∆𝐸 = 𝐸𝑎𝑑𝑠+𝑀𝑂𝐹 − 𝐸𝑀𝑂𝐹 − 𝐸𝑎𝑑𝑠 (3.1) 
where 𝐸𝑎𝑑𝑠+𝑀𝑂𝐹, 𝐸𝑀𝑂𝐹 , and 𝐸𝑎𝑑𝑠 represent the energy of a MOF with an adsorbed 
molecule, the energy of the empty MOF, and the energy of the adsorbate in the gas phase, 
respectively. With this convention, ∆𝐸 is positive when adsorption is exothermic. 
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3.2.2 Predicting adsorption isotherms in MOFs with OMS 
The primary inputs for process models of equilibrium adsorption-based separations 
are the adsorption isotherms for species of interest. Grand Canonical Monte Carlo 
simulations (GCMC) using classical force fields (FFs) are a useful technique for generating 
isotherms in crystalline materials such as MOFs.53-54 GCMC-simulated adsorption 
isotherms have generally given good agreement with experiments for small and non-polar 
adsorbates.55-56 Generic FFs, however, are inadequate for describing adsorption in OMS 
MOFs.57-58 Specialized force fields that address this problem for some specific molecules 
in Cu-BTC have been developed,19, 22, 59 but force fields suitable for the full range of metal 
species for OMS MOFs of interest in this work are not currently available. 
Since FF-based GCMC simulations cannot accurately describe OMS and are not 
useful for our materials, adsorption models derived primarily from DFT data were 
developed. The adsorption of small molecules in M-BTC can be divided into chemisorption 
on OMS and physisorption of small molecules in windows or cages. We therefore used a 
dual-site Langmuir (DSL) model for single component adsorption and the competitive DSL 



















 represent the saturation capacity of species A (B) at OMS 




 are the Langmuir equilibrium 
constants of species A (B) at the same two kinds of sites. For a unit cell of Cu-BTC, we 
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assume all OMS are available for chemisorption, so 𝑛𝑜𝑚𝑠
𝐴(𝐵)
is 4.96 mmol/g. Since FFs of 
ethylene and ethane in Cu-BTC that accurately describe interactions with OMS are 
available,22, 59 we used GCMC calculations with these FFs to predict the total adsorption 
uptake at saturation 𝑛𝑡𝑜𝑡𝑎𝑙
𝐴(𝐵)
 in Cu-BTC. We then obtain 𝑛𝑝ℎ𝑦
𝐴(𝐵)





 by assuming that one molecule adsorbs at each OMS at saturation and that the 
physisorption component of adsorption is the same as in Cu-BTC in every M-BTC MOF. 
3.2.2.1 Adsorption Equilibrium Constant at OMS: 𝐾𝑜𝑚𝑠
𝐴(𝐵)
 
To model adsorption at OMS, we adapt methods for using partition functions to 
derive Langmuir equilibrium constants that have been introduced in several studies.60-63 
Briefly, the Langmuir equilibrium constant is given by 
 





where ∆𝐺 is the Gibbs free energy of adsorption. The enthalpy change during adsorption, 
∆𝐻, is assumed to be equal to the binding energy of a species from DFT, B.E., giving 
 ∆𝐺 = ∆𝐻 − 𝑇 ∗ ∆𝑆 ≈ −𝐵. 𝐸. −𝑇 ∗ ∆𝑆 (3.4) 







where 𝑄𝑔𝑎𝑠 and 𝑄𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑑 are the partition functions of the adsorbing species in the gas 
phase and the adsorbed phase, respectively. 𝑄𝑔𝑎𝑠 takes all degrees of freedom (vibration, 
translation, and rotation) into account. 𝑄𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑑 is calculated from the discrete vibrational 
energy levels available to the adsorbed molecule considered as a bound system.63-65 This 
gives 
 
𝐾 ≈ 𝑏0 ∗ 𝑒
𝐵.𝐸.




. Values of 𝑏0 were calculated with DFT as described in Appendix C. 
3.2.2.2 Adsorption Equilibrium Constant for Physisorption sites: 𝐾𝑝ℎ𝑦
𝐴(𝐵)
 
Because physisorption includes contributions from multiple locations in the MOF’s 
pores, it is challenging to reliably establish the physisorption parameters in Eq. (1) using 
DFT. Instead, we chose to fit 𝐾𝑝ℎ𝑦 using experimental adsorption data. We used 
experimental data for Cu-BTC from Jorge et al.59 A complication in comparing Eq. (1) 
with experimental data is that we cannot assume all OMS are available (i.e. solvent-free) 
experimentally.66 For the ethylene data from Jorge et al., 𝑛𝑜𝑚𝑠
𝐶2𝐻4 in the experimental material 
was treated as an unknown, while 𝐾𝑜𝑚𝑠
𝐶2𝐻4 and 𝑛𝑝ℎ𝑦
𝐶2𝐻4 were calculated as described above. 
The same procedure was followed to compute parameters for ethane. Further details are 
given in Appendix C.  
Table 3-1 lists the parameters of ethylene and ethane at OMS and physisorption 
sites calculated in Cu-BTC. We extended the information above to the full set of M-BTC 
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materials by making two assumptions. First, we ass umed that all OMS are available in 
every material. Second, we assumed that the physisorption parameters in every material 
are identical to those for Cu-BTC. Although this is an approximation, this assumption is 
reasonable because physisorption is dominated by dispersion interactions with the organic 
components of each MOF, not by specific interactions with metal sites. As described 
above, however, adsorption parameters for chemisorption on OMS were determined from 
DFT calculations for each distinct OMS. 
Table 3-1 - Parameters of ethylene and ethane at OMS and physisorption sites 
calculated in Cu-BTC. 












C2H4 4.96 9.0E-7 40.0 7.84 4.4E-4 22.1 
C2H6 4.96 5.8E-5 24.0 5.94 7.7E-5 24.9 
3.2.3 Methods for Process Modelling 
3.2.3.1 Full Process Model 
To study the performance of different adsorbents at a process scale we used a 
hollow fiber-based solid sorbent configuration as described recently by Sen et al.67-68 The 
hollow fiber configuration relies on solid sorbents embedded in a porous polymeric 
hollow fiber matrix. Several identical fibers are assembled inside a module, which 
resembles a shell and tube heat exchanger (shown in  
Figure 3-1). This structured contactor results in improvements in pressure drop and 
mass transfer compared to a packed bed.69 The bore of the hollow fiber has an impermeable 
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lumen layer that allows the flow of a cooling/heating medium to mitigate the temperature 
of operation of the process despite the heat of adsorption/desorption.68  
 
Figure 3-1 - Schematic of a hollow fiber module.68 
 
To compare the performance of different adsorbents we used a standard 4-step 
Vacuum Pressure Swing Adsorption (VPSA) cycle as shown in Figure 3-2.70 The steps 
include pressurization, high-pressure feed, intermediate pressure blowdown, and low-
pressure evacuation. We assume the feed is an equimolar mixture of ethylene and ethane. 
The product of interest, ethylene, is collected during the evacuation step. Details of the 
process model are included in Appendix C. 
Preliminary investigations revealed that the performance of OMS MOFs is 
sensitive to the temperature of adsorption but that the temperature swing during desorption 
and the adsorption pressure do not impact the overall performance as significantly. 
Therefore, we only considered pressure swings between 1 bar and partial vacuum with a 
constant temperature of operation for the entire cycle. The level of vacuum and operating 
temperature were variables that were optimized. Each process was evaluated based on 
purity, recovery, energy consumption and productivity of the ethylene as defined in the 
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Appendix C in Equations C12-C16. Three components of energy consumption were 
evaluated, namely the energy of pressurization-depressurization, the energy to heat the feed 
to the operating temperature, and the energy supplied/removed by the heating/cooling fluid 
in the hollow fiber bore. It was assumed that the feed is available at an ambient temperature 
of 25 ˚C. 
 
Figure 3-2. Schematic depiction of the 4-step Vacuum Pressure Swing Adsorption 
(VPSA) cycle. 
3.2.3.2 Idealized Process Model 
While the full-scale VPSA model provides a relatively accurate estimate of system 
performance, simulations with this model are time-consuming since it involves solving a 
system of partial differential algebraic equations and convergence to cyclic steady state 
(CSS). To generate a faster first-pass comparison of available adsorbents, an idealized 
simple process model has been proposed previously.71 The idealized model assumes a 
simple two-step saturation-desaturation cycle with no mass transfer limitations (see Figure 
 77 
3-3). It is assumed that the system is always at equilibrium and that the cycle allows 100% 
recovery of the adsorbed phase. These assumptions enable estimation of the purity and 
energy consumption of the adsorbed phase from a simple system of non-linear algebraic 
equations (shown in the Appendix C in the Equations E17-E20). We note that this idealized 
model is just one of several approaches that have been proposed recently as “shortcut” 
models for VPSA.36, 72-73  
 
Figure 3-3 - Schematic depiction of the idealized process model. 
 
3.3 Results and Discussion 
3.3.1 Optimization of the Adsorption Process 
The simplified model defined above only requires the operating conditions 
(temperature and pressure) and the isotherm of the material as input parameters. We 
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considered operating temperatures of 50-300 °C, low-pressure levels of 0.1-0.8 bar, and 
adsorption pressures of 1-1.5 bar. The high-pressure level did not have a strong impact on 
overall performance. From section 3.3.2 onwards, we restricted the maximum allowable 
operating temperature to 180 °C because temperatures above this could create issues of 
vaporization of the cooling/heating fluid in the bore of the fiber.  
The simplified model assumes 100% recovery and full utilization of the bed (i.e. 
maximum productivity). The only process objectives are the process purity and energy 
consumption. We used a Non-dominated Sorting Algorithm (NSGA-II)74 to compute a 
dual-objective Pareto front for each material that we evaluated. We ran the algorithm for a 
maximum of 10 generations with a population size of 200 per generation. NSGA-II is a 
stochastic approach whose results depend on the initial seed population. We have 
performed our analysis using a single seed population and have drawn conclusions based 
on the assumption that the initial seed has insignificant impact on the final Pareto plot 
obtained. 
In addition to the operating conditions mentioned above, the detailed process model 
has other degrees of freedom, including the intermediate pressure level during blowdown 
and the duration of each cycle step. In addition to process purity and energy consumption, 
the process productivity and recovery are optimization objectives. We performed a three-
objective Pareto optimization for all materials evaluated using the full-order cycle model. 
The optimization objectives are purity, recovery, and energy consumption. Due to 
increased model complexity, a surrogate-assisted optimization method (SOCEMO)75 was 
used to reduce computational cost. The stopping criteria in this approach is the maximum 
number of function evaluations allowed, which was set to 300.  
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The following sections demonstrate the optimization procedure for both models, 
using the isotherm parameters of Zn-BTC (OMS binding energy of ethylene = 79 kJ/mol, 
ethane = 38 kJ/mol). 
3.3.1.1 Case Study for the Simplified Model: Zn-BTC 
Figure 3-4a shows the purity-energy consumption Pareto front obtained using the 
simplified model for Zn-BTC. The circles are color-coded from light to dark to indicate 
increasing purity. This enables easier visualization of estimated optimal value of the input 
parameters (Plow, T, and Phigh) corresponding to each region of the Pareto curve (Figure 
3-4b and Figure 3-4c). For this material, high purity can only be obtained with temperatures 
of 200-250 ˚C. Similar calculations showed that this optimal temperature range is highly 
metal-center dependent for OMS MOFs because of the large range of site binding energies 
among the materials we considered. As expected, energy consumption increases with 
increasing purity. Nearly 50% of the energy consumption for Zn-BTC is a result of heating 
the feed from an ambient temperature of 25 ˚C. The energy consumption due to de/re-
pressurization is similar to results reported previously for a VSA cycle.71 Although 
lowering the operating temperature reduces energy consumption, it also greatly affects the 
maximum purity that can be achieved for the simplified model using Zn-BTC.  
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Figure 3-4 - (a) Energy - purity Pareto curve in the simple model for Zn-BTC, with 
the corresponding independent variables (b) high pressure and (c) temperature and 
low pressure. Darker circles represent a higher purity. In (a), the contribution of the 
energy of de/re-pressurization to the overall energy is shown. 
3.3.1.2 Case Study for the Full Process Model: Zn-BTC 
The results of applying the full process model to Zn-BTC are illustrated Figure 3-5. 
Optimization of the full process model results in a three-parameter Pareto front. For ease 
of visualization, we focused on a two-parameter view of purity and recovery (Figure 3-5a). 
As in section 3.3.1.1, we color-coded circles from light to dark to represent increasing 
purity. Figure 3-5b shows the two-parameter view of purity and energy consumption color-
coded for increasing purity. Figure 3-5c shows the values of two of the input parameters, 
temperature and low pressure, corresponding to each point on the Pareto surface.  
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Figure 3-5 - Pareto front for (a) recovery-purity and (b) energy-purity optimization 
in the full process model for Zn-BTC, with the corresponding variables of (c) 
temperature and evacuation pressure. Darker circles represent a higher purity. 
As predicted by the simple model, the highest purity in Zn-BTC is achieved at very 
high operating temperatures (200-280 ˚C). The energy consumption due to heating of the 
feed from an ambient temperature of 25 ˚C results accounts for ~50% of total energy 
consumed, similar to the simple model. Although the simple model provides a very good 
general estimate of optimal operating conditions and performance, it underestimates the 
maximum possible purity and the energy consumed. 
3.3.2 Performance of Pure Metal MOFs 
We investigated the impact of the binding strength of the metal centers on the 
separation performance of pure metal MOFs. It can be hypothesized that a weak binding 
of ethylene will result in poor selectivity and therefore poor performance. On the other 
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hand, a strong binding energy at the metal center will create problems for desorption and 
negatively impact separation performance. To visualize the effect of metal binding energy 
on MOF performance, we generated a map of separation performance for the entire range 
of feasible binding energies. The feasible binding energy range for the OMSs was 
estimated from DFT data of the 12 pure metal-substituted M-BTCs (Mo, Cr, Cu, Ni, Ru, 
Ti, V, Fe, Co, Mg, Mn, and Zn) giving 38-79 kJ/mol for ethylene and 20-41 kJ/mol for 
ethane, respectively. The reduced computational complexity of the simple model is 
beneficial for thoroughly mapping the entire range of possible binding energies. We used 
a grid of 30×30 uniformly distributed hypothetical binding energies of ethylene and ethane 
within the range specified above. Isotherms and subsequently optimal process performance 
for each of the 900 binding energy pairs were then evaluated using the simplified process 
model. The results are discussed in section 3.3.2.1. 
It is necessary to check the conclusions drawn from the simple model against the 
more rigorous full-order process model. However, generating 900 optimized data points 
using the full model would be very time consuming. Therefore, we generated performance 
maps of a uniformly distributed 8×8 uniformly grid of binding energy pairs using the full 
model. The main aim of these calculations was to evaluate whether trends predicted by the 
simple model also hold under more rigorous evaluation. These results are discussed in 
section 3.3.2.2. 
3.3.2.1 Purity Contour for 12 Pure MOFs in the Simple Model 
Figure 3-6a is the optimum purity contour plot for the full range of binding energy 
combinations with the constraint of 1 GJ/ton energy consumption and an assumption of  
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Figure 3-6 - (a) Purity and (b) optimal temperature contours for real and 
hypothetical pure M-BTCs in the simple model with constraints of 1 GJ/ton energy 
consumption and assumed 100% recovery. Red symbols indicate 12 pure M-BTCs 
materials. 
100% recovery. The red dots represent the 12 pure M-BTC MOFs as defined by our DFT 
data, including with seven experimentally reported and five hypothetical materials. The 
highest and lowest purity is achieved by Fe-BTC and Ni-BTC with 90.4% and 60.7% 
purity, respectively. Figure 3-6b is a contour plot of the corresponding optimal 
temperatures of operation. For example, Co-BTC can achieve 87.5% purity for ethylene 
when the VPSA is operated at 150 °C, the optimal operating temperature for that adsorbent. 
The process performance shown in Figure 3-6 is  nonmonotonic with respect to binding 
energy of ethylene and ethane (i.e. BEC2H4 and BEC2H6) because the correlation between the 
OMS 𝑏0 parameter and the identity of the metal species for ethylene is nonconvex (i.e. the 
S-shape shown in Figure D.1). The similar non-monotonic process performance can be 
observed in the full process model (Figure 3-7) for the same reason. The contour plots 
show the maximum separation efficiency is achieved approximately in the range of binding 
energies of iron (Fe). Unsurprisingly, the temperature needed for optimal performance 
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increases with increased binding energy of ethylene, as increasing temperature allows more 
efficient desorption performance.  
3.3.2.2 Results for the Pure Metal MOFs using the Full Process Model 
Figure 3-7a shows a scaled color plot for optimal purity calculated using the full 
process model with constraints of 2 GJ/ton energy consumption and 75% recovery. The 
energy constraint of 2 GJ/ton is used in the full model because the constraint of 1 GJ/ton is 
too low to get any meaningful purity improvement with the 75% recovery constraint. 
Similar to the simplified model, Fe-BTC achieves the highest purity among the 12 M-BTCs 
when evaluated using the full model. As mentioned above, the purity and the required 
energy consumption predicted using the full process model are somewhat higher than the 
simple model. It is encouraging, however, that the qualitative conclusions drawn from the 
simple model and the full process model are similar.  
 
Figure 3-7 - (a) Purity and (b) optimal temperature scaled color plot of pure M-
BTCs from the full process model with constraints of 2 GJ/ton energy consumption 
and 75% recovery. The purity and optimal temperature are color-coded. White 
indicates purity lower than 50% and grey means no numerical data is available. 
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Figure 3-7b shows the optimal temperatures corresponding to the purities shown in 
Figure 3-7a. As predicted by the simple model, the temperature of optimal operation of the 
pure metal MOFs increases as a function of ethylene binding energy. There is also good 
agreement between the temperatures predicted using the full process model and the simple 
model. These observations give us confidence that the simple model can be used to screen 
mixed-metal MOF candidates before rigorous evaluation of a limited number of candidate 
materials using the full process model, thereby cutting down on computational costs. 
3.3.3 Performance of Mixed Metal MOFs 
3.3.3.1 Purity for the mixed metal MM’-BTC in the Simple Model 
For a given mixed-metal ratio in MM’-BTC, three kinds of metal dimers (MM, 
MM’, and M’M’) and four types of open metal sites (M in a MM dimer, M in a MM’ dimer, 
and two similar M’ sites) can exist. To evaluate the process performance of a mixed-metal 
MOF, knowledge of the relative concentrations of the three dimer pairs is necessary. We 
assume that the metals are distributed randomly among the available sites in a material, 
although we acknowledge that it is challenging to measure this distribution 
experimentally.17 With this assumption, the population of each kind of site is defined once 
the metal ratio is defined. DFT calculations show that the binding energy of ethylene and 
ethane at M sites in MM dimers and MM’ dimers are different, an observation that is 
important for understanding the results below. The binding energies of ethylene and ethane 
at MM and M’M’ metal sites are given by data from the 12 pure metal MOFs. In all, the 
12 metals we considered define 66 possible MM’ combinations. We found that DFT 
calculations for dimers involving Ni, V, and Co were difficult to reliably converge because 
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of the spin states available to these species, so we did not consider them further. Rather 
than evaluating every possible pair, we performed DFT calculations for 11 metal pairs with 
a focus on combinations with Cr and Cu since they are the most feasible from the standpoint 
of experimental synthesis.11, 76 The binding energies for these 11 metal pairs are listed in 
Appendix C. 
Figure 3-8 shows the maximum purity achieved with three different energy 
constraints for the 11 MM’-BTC MOFs we considered as described by the simple process 
model. In each panel of the figure the horizontal axis represents the overall metal fraction 
in the mixed-metal MM’-BTC. If the general ideas described in the Introduction are 
correct, we would expect that the performance of mixed metal materials is always lower 
than at least one of the pure metal MOFs made from the same metals. For most of the MM’-
BTC MOFs this is found to be the case. For example, higher purity can be achieved with 
Cr-BTC than with any mixed metal composition of Cr and Mo. There are two examples 
that are exceptions to this observation, however. Cr-Mg-BTC is found to give significantly 
higher purities than both Cr-BTC and Mg-BTC for a range of mixed metal compositions 
and Cr-Zn-BTC slightly outperforms Cr-BTC and Zn-BTC for a range of mixed metal 
compositions at an energy consumption of 0.5 GJ/ton. These examples demonstrate that in 
some circumstances homogeneous adsorbents are not necessarily better than 
heterogeneous adsorbents for adsorptive separations.  
In the case of Cr-Mg-BTC example, not all mixed-metal ratios outperform the pure 
MOFs. Our calculation predicts that, when the Cr ratio is less than 0.6, the mixed-metal 
MOF can achieve higher purity than either pure metal material. It is helpful to consider this 
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situation in more detail. Figure 3-6a shows the purity performance not only for 12 M-BTCs 
but also 900 hypothetical structures. 
 
Figure 3-8 - Purity as a function of mixed-metal ratio as calculated with the simple 
process model for 11 MM’-BTC MOFs at three fixed levels of energy consumption. 
The dashed grey lines are the maximum purity the pure metal MOFs can achieve. 
The mixed-metal Cr-Mg- BTC and Cr-Zn-BTC materials, indicated with a *, 
outperform the pure metal MOFs for some metal compositions.  
It is tempting to speculate that if a tie line drawn between the pure Cr and Mg metal 
values can cross a higher purity range then the mixed material would have improved 
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performance. This idea is not correct, however, for two reasons. First, the binding energies 
of mixed metal sites are not simple linear combinations of the pure metal sites. DFT 
calculations with the mixed metal dimers for Cr-Mg-BTC give ethylene (ethane) binding 
energies of 40.1 (20.0) kJ/mol on Cr and 68.7 (38.3) kJ/mol on Mg. The binding energies 
in the pure metal MOFs are for 42.0 (22.0) kJ/mol and 68.0 (41.0) kJ/mol for Cr and Mg, 
respectively. As seen in Figure D.3, the mixed site binding energies do not lie on the tie 
line between the pure metal states. The second complication with the tie line concept is that 
every point in Figure 3-6a correspond to different optimized process conditions. The 
process conditions that are optimal for a mixed-metal material must consider a weighted 
set of the four site energies shown in Figure D.3.  
3.3.3.2 Optimization of Cr-Mg-BTC with the Full Process Model 
Because of the interesting results for Cr-Mg-BTC with the simple process model 
the full process model was also applied to this material. Three objective functions, 
recovery, purity, and energy consumption are optimized in the full process model. Each 
recovery can be achieved by different combinations of the purity and the corresponding 
energy consumption. In Figure 3-9a only the point which maximized the purity is shown 
for each recovery, regardless of its energy consumption. Figure 3-9b shows the 
corresponding energy consumption. The process performance of Cr-Mg-BTC in full model 
is consistent with that in the simple model. 
10 uniformly spaced mixed metal ratios were analyzed and a ratio of 40% Cr in Cr-
Mg-BTC was found to be optimal. The performance of Cr0.4Mg0.6BTC (red triangles) is 
considerably better than both the pure Cr-BTC (blue squares) and Mg-BTC (black circles). 
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However, not all metal ratios exceeded the pure metal performance; for example, 
Cr0.9Mg0.1BTC (green diamonds) has worse performance than the pure Mg-BTC. This 
observation is consistent with the prediction of the simple model. The corresponding 
energy consumption at each purity for these four mixed-metal ratios is shown in Figure 
3-9b. The mixed metal material with 40% Cr is optimal since it has a higher purity with 
lower energy consumption when the purity is larger than 70%.  
 
Figure 3-9 - (a) Recovery and (b) the corresponding energy consumption as a 
function of purity for these four mixed-metal ratios in Cr-Mg-BTC in the full model. 
3.4 Summary 
In this chapter, the aim was to understand whether mixed-metal materials (MM’-BTC) 
could ever outperform pure metal M-BTC MOFs for ethylene/ethane separations. Both 
simplified model (2-step saturation-desaturation cycle) and detailed full process model (4-
step VPSA) were used to examine the process performance of M-BTC and MM’-BTC 
MOFs for ethylene/ethane separations. 12 metal-substituted M-BTCs were studied as the 
homogeneous adsorbents, and 11 mixed-metal pairs were evaluated as the energetically 
heterogeneous materials. The adsorption isotherms for species of interest are the primary 
 90 
inputs for process models of equilibrium adsorption-based separations. Adsorption models 
derived primarily from DFT data were developed because FF-based GCMC simulations 
cannot accurately describe OMS and are not useful for our materials. 
The optimization procedure was illustrated for both models with the isotherm 
parameters of Zn-BTC. The process purity and energy consumption are the optimized 
objectives for the simplified model, while process purity, energy consumption, and 
recovery are optimization objectives for full process model. For both models, the energy 
consumption increases with increasing purity. Although the simple model underestimates 
the maximum possible purity and the energy consumed, it still provides a useful general 
estimate of optimal operating conditions and performance.  
We first investigated the impact of the binding strength of the metal centers on the 
separation performance of pure metal MOFs. 900 real and hypothetical materials were 
evaluated using the simplified ideal model, while 64 hypothetical binding energies pairs 
were examined with the full process model. The main aim is to evaluate whether trends 
predicted by the simple model also hold under more rigorous evaluation. Good agreement 
between the temperatures predicted using the full process model and the simple model was 
observed. Another observation is that the temperature of optimal operation of the pure 
metal MOFs increases as a function of ethylene binding energy in both models. These 
observations give us confidence that the simple model can be used to pre-screen mixed-
metal MOF candidates before rigorous evaluation of a smaller number of candidate 
materials using the full process model. 
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Rather than evaluating every possible pair, 11 metal pairs were examined by the 
simple process model. For most of the MM’-BTC MOFs, the performance of mixed metal 
materials was found to be lower than at least one of the pure metal MOFs made from the 
same metals. However, we also found two examples that are exceptions to this rule. Cr-
Mg-BTC gave significantly higher purities than both Cr-BTC and Mg-BTC and Cr-Zn-
BTC slightly outperforms Cr-BTC and Zn-BTC at an energy consumption of 0.5 GJ/ton.  
The same conclusions also held when these two materials were more rigorously evaluated 
using the full model. These examples are, therefore, a demonstration that, in some 
circumstances, homogeneous (or pure) adsorbents do not necessarily outperform 
heterogeneous (or mixed) adsorbents for adsorptive separations.  
We began this chapter by mentioning the work of Bhatia and Myers7, which used a 
simple adsorption isotherm to show that the optimal adsorption-based storage capacity for 
an adsorbent is achieved when the adsorbent is energetically homogenous. Our results do 
not contradict this earlier work because we focused on the performance of adsorbents for 
separations of binary gas mixtures, not adsorption-based storage of a single component. 
Having a high swing capacity for the species being preferentially adsorbed in a separation 
is of course desirable, but the overall performance of a separation arises as the tradeoff 
between multiple factors in addition to this swing capacity.  
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CHAPTER 4. INTEGRATION OF MATERIAL AND PROCESS 
DESIGN FOR KINETIC SEPARATION 
Parts of this chapter are adapted from the paper ‘Sen. T, Kawajiri Y. and  Realff  M. 
J., Integration of Material and Process Design for Kinetic Separation’ which is in 
preparation. 
4.1 Introduction 
Separation processes account for 45-55% of all industrial energy consumption of 
which, distillation accounts for nearly 49% of the energy consumed1. Techniques such as 
membrane permeation and pressure/temperature-swing adsorption (PSA/TSA) are more 
energy-efficient and could be used to debottleneck separation trains.1–6 Adsorption based 
processes broadly rely on (i) equilibrium, (ii) kinetics, (iii) conformational/entropic effects 
and (iv) molecular sieving, to enable molecular separation4. Kinetic separation exploits the 
capability of a material to differentiate between two or more components owing to 
significant differences in their diffusivities, and not their equilibrium loading amounts2–4,7–
12. This may even result in the selective adsorption of the weakly adsorbing component for 
a certain duration. The transient loading of the weakly adsorbed component is usually 
higher than the final equilibrium loading in these cases.10 
The first known commercial application of kinetic separation was nitrogen/oxygen 
separation using CMS13. Other major separations of interest using kinetic separation are 
carbon dioxide separation from methane or nitrogen
7,14,15 and hydrocarbon separations such 
as propylene/propane2,16. Performance of silicates, zeolites and CMS in kinetic separation 
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cycles has been well-studied from both materials and process perspectives12,14,15,17. 
Compared with these conventional adsorbents, the structure, pore environment, and pore 
size of MOFs and ZIFs can be readily tuned by crystal engineering to meet specific needs 
of gas separation2–4,16,18,19 
For kinetic separation the micropore, or the intracrystalline, resistance is the 
controlling resistance20.Capturing the dynamics of the intracrystalline diffusion process 
using a simple Fickian formulation has been shown to be inaccurate even at a qualitative 
level9,10. This complication arises due to the coupling of pore and surface diffusion which 
shows a strong dependence on surface occupancy.21,22 A more realistic approach is to use 
the generalized Maxwell-Stefan diffusion equations which have been extensively studied 
and validated through experiments and Molecular Dynamic simulations to describe mass 
transfer phenomena in microporous materials9–11,23–26. The concentration gradient is 
replaced by a chemical potential gradient which allows prediction of multi-component 
mass transfer phenomena based only on single component mass transfer information. 
Apart from an understanding of the fundamental phenomena of kinetic separation 
at a crystal level, it is equally important to study the phenomena in a bed configuration and 
analyze performance efficiency in terms of a complete process cycle20. Computational 
complexity associated with incorporating the fully discretized crystal model into cyclic 
simulations initially led to the development of approximations such as those introduced by 
Nakao Suzuki 27,28. Some studies have been able to match PSA cycle experiments using 
the simple Glueckauf approximation6,14,29. However, these approximations are extremely 
sensitive to factors such as the system being studied, cycle times etc. and, have been shown 
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to be inadequate for most cases 22. Improvement in computational efficiency has led more 
PSA cycle studies which fully incorporate crystal discretization into their cyclic models15.  
In the case of equilibrium separation it is now a well established fact that using 
simple metrics such as selectivity or working capacity alone is not a very good predictor 
of comparative process performance of materials30–33. Several in-silico screening studies 
have found interesting patterns/correlations that better capture adsorbent quality for a full-
scale process separation34–39. The same is not true for kinetic separation. Simple metrics 
are used to translate measured property parameters into a metric that indicates relative 
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where, 
ijkinetic
 is the kinetic selectivity and 
ijequlibrium
 is the equilibrium selectivity. 
Comparison to experimental crystal uptake studies have shown limitations of using the 
above metric to compare materials15. True kinetic selectivity is a transient parameter as 
indicated by equation 4.2. It reduces to equation 4.1 under two major assumptions: (i) short 
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The objective of this study is to analyze the impact of material property parameters 
on kinetic separation potential of an adsorbent-gas combination. We have also tested the 
reliability of equation 4.1 when recommending materials for kinetic separation. We aim to 
provide guidelines for material comparison when only lab scale data such as isotherms and 
crystal diffusivity are available. The study is conducted in two parts. To locate high-
performing materials in the property parameter space, we have looked at optimized purity-
recovery pareto plots in 3-step packed bed PSA cycles. We have used a group of 
hypothetical materials with competitive Langmuir isotherms, no equilibrium selectivity (= 
1) and, varying crystal diffusivity. Incorporation of fully discretized crystal model into the 
axial packed bed model results in longer computational times for the PSA optimization. To 
expand our analysis to include a wide range of equilibrium selectivities and other isotherm 
shapes such as Toth, we have explored prediction of optimal property parameters using a 
single crystal uptake model without using PSA optimization. For a more systematic and 
automated approach to the property parameter exploration using only the crystal uptake 
model, we have used SAIL (Surrogate Assisted Illumination)40 algorithm. SAIL,  described 
in Section 2.2, searches in a high-dimensional space to create a map of high-performing 
solutions at each point in a low-dimensional feature space defined by the user41. We 
compare predictions made using the single crystal model and the fully optimized PSA’s to 
show the scalability of property comparisons from a single crystal uptake 
experiment/model to a full-scale kinetic PSA.  
4.2 Methods  
As mentioned in section 1, for kinetic separation the micropore, or the 
intracrystalline, resistance is the controlling resistance20. Here we briefly describe the 
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formulation for Maxwell-Stefan crystal diffusion model9–11,23–26. Its incorporation into 
packed bed simulations, which were used to generate optimal PSA pareto plots, is also 
described. Finally, we describe an algorithm, SAIL40, which was used for systematic 
exploration of material property parameter space in conjunction with single crystal uptake 
predictions. 
4.2.1 Modeling kinetic separation 
4.2.1.1 Single Crystal Diffusion Model 
The generalized Maxwell-Stefan (GMS) model for intracrystalline mass 
transfer26,42,43 is as follows:  
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The boundary conditions are, 
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where, ix is the component loading mole fraction, i is the chemical potential, of 
component i in the adsorbed phase at constant temperature and spreading pressure  22, 
'D s  are the Maxwell-Stefan diffusivities. iD  is the self-diffusivity of component i, 
representing component-crystal wall interactions, 
ijD is the cross-diffusion term in multi-
component mixture diffusion. Local equilibrium between the adsorbed and gas phase 
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allows replacement of the adsorbed phase chemical potential with that of the gas phase 
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ij is termed as the thermodynamic correction factor and can be obtained from knowledge 
of the multi-component isotherm10,44.  
The cross-diffusion term 
ijD is dependent on the surface coverage as it reflects the 
relative ease of displacing one component in the presence of the other. Fundamental 
understanding of cross-diffusivity is not fully developed. The empirical Vignes21,45 
correlation that has been studied for multi-component diffusion in liquid mixtures is 
usually adopted. 
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(4.6) 
where, iD  is the component self-diffusivity at high surface coverage. Non-
dimensionalised forms of the above equations are listed in Appendix D. 
In contrast the Fickian mass transfer model is as follows: 
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Figure 4-1 - These plots are radial profiles of component loadings on an adsorbent 
crystal as it changes with time. The initial state of the system is a nearly empty 
crystal devoid of either component 1 or 2. The diffusivity ratio of component 1 and 2 
is 1: 0.314. At t = 0 the outer radius of the crystal is exposed to a 50:50 gas mixture 
whose equilibrium loadings on the crystal are [0.009 , 0.751] respectively. These 
loadings are non-dimensionless (w.r.t saturation loading of component 1). (a) & (b) 
are results of the simple Fickian diffusion equations (d) & (e) are the result of using 
Maxwell-Stefan diffusion equations. Fickian diffusion fails to capture the sharp 
increase in crystal loading of the fast component 1 above equilibrium. (c) & (f) show 
the average crystal loadings predicted by Fickian Diffusion and Maxwell-Stefan 
Diffusion respectively. 
Figure 4-1 demonstrates the impact of using the thermodynamic correction factor 
and cross-diffusivity on the loading profiles inside the crystal with time. Component 1 is 
faster diffusing and weakly adsorbed when compared to component 2. The dimensionless 
equilibrium loadings are 0.009 and 0.751 respectively. The diffusivity ratio is (1 : 0.314). 
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The faster diffusing and weakly adsorbed component 1 rushes into the crystal in the initial 
stages resulting in a significant increase in its adsorbed concentration when compared to 
equilibrium. Figure 4-1 (c) demonstrates the temporal evolution of the radially averaged 
crystal loadings when there is simple Fickian diffusion, (f) shows the same plot when 
Maxwell-Stefan Diffusion is incorporated. 
To generate the numerical results, the dimensionless Maxwell-Stefan crystal 
diffusion model (equation 4.5) was solved in MATLAB using Orthogonal Collocation of 
Finite Elements46. 5 finite elements with a 3 internal collocation points was found to be 
sufficient to capture the dynamics and spatial concentration profiles of the system. The 
internal collocation points were located at the roots of the Legendre Polynomial. Due to 
steeper fronts close to the outer radius of the crystal, the nodes were placed at squared 
distances from the outer radius. 
4.2.1.2 Packed Bed Model 
We have used the standard packed bed model with the average crystal loading at 
each axial point being accounted for by equating the flux out of the gas phase to the flux at 
the outer radius of the detailed crystal model described above. The detailed equations are 
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4.2.2 SAIL Algorithm  
For systematic exploration of kinetic separation material property parameter space, 
in conjunction with single crystal uptake predictions, we used Surrogate Assisted 
Illumination (SAIL) 40 algorithm described here.  SAIL is a modified version of the MAP-
elites algorithm which we will describe first. Multi-dimensional Archive of Phenotypic 
Elites (MAP-Elites) algorithm searches in a high-dimensional space to create a map of 
high-performing solutions at each point in a low-dimensional feature space defined by the 
user41. Two main components of implementing this algorithm are to choose a performance 
measure f(x) to evaluate a solution x and a description of N dimensions of variation which 
define a feature space of interest. For example, in evolving robot morphologies, fitness 
could be the speed of a robot and features could be its height, weight and energy 
efficiency.41 
Each dimension of the feature space is discretized according to user preference or 
computational budget (Figure 4-2a).  MAP-elites algorithm searches for the highest 
performing solution in each bin of the discretized N-dimensional feature space (Figure 
4-2b). This type of illumination algorithm allows for an understanding of how underlying 
parameters combine to affect the performance potential and trade-offs with features at each 
point. For example, in illuminating robot morphologies; MAP-elites finds the fastest robot 
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that is tall, light, energy efficient; the fastest robot that is tall, heavy, energy inefficient; the 
fastest robot that is short, heavy, energy inefficient; etc. 
 
Figure 4-2 - (a) illustrates a (5 × 5) binned feature map used in the MAP-elites 
algorithm for a problem with n independent input parameters (genotypes) [x1 , 
x2, … , xn]. feature1 and feature2 are functions of these input parameters 
(phenotypes)and are values that capture features of interest of the system. (b) 
represents the result generated by the algorithm. The color-scale represents the 
value of performance measure (p) which is also a function of x. The final map is the 
estimated maxima of p per bin. The optimal values of x per bin can be similarly 
plotted from the algorithm output. 
Feature vectors are not independent parameters, rather they are dependent 
parameters or phenotypes which are functions of an independent parameter set x of 
genotypes. The search is therefore conducted over the genotype space which contains 
values of all possible combinations of x. It is to be noted that, while some phenotypes 
require simulation of complex models, others may just have a simple correlation to the 
genotype such as robot height. Algorithmic details of MAP-Elites are provided in the SI.  
Evolutionary approaches like MAP-elites typically requires several evaluations 
before a satisfactory solution can be reached. Even when the underlying system being 
explored is computationally inexpensive, the scale of the number of evaluations means that 
surrogate models can drastically speed up computation. SAIL is a surrogate assisted 
version of MAP-elites, which uses Gaussian Process (GP) to approximate the performance 
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measure40. It uses the framework of Bayesian Optimization which makes use of the concept 
of an acquisition function to balance exploration (high performance) and exploitation (high 
uncertainty). The acquisition function is Upper Confidence Bound estimate (UCB) shown 
in equation 4.11. 
  ( ) ( ) ( )UCB x x x    (4.11) 
where,  is the user-defined trade-off between mean (  ) and variance ( ) of the GP. 
Algorithmic details of SAIL are provided in the SI and the original MATLAB 
implementation is available at (github.com/agaier/sail_gecco2017)40. Specific details such 
as performance measures, genotypes and phenotypes in material exploration for kinetic 
separation are described in the Results and discussion section. 
4.3 Results and discussion 
To understand the impact of the interplay of crystal diffusion and adsorption 
thermodynamics, we have performed two analysis. One analysis looks at optimized simple 
3-step PSA cycles in a packed bed with different adsorbent property parameters. The 
hypothetical adsorbents were all described using the simple competitive Langmuir 
isotherm, but had varying shapes of the isotherm. An equilibrium selectivity of close to 1 
was considered, to eliminate the effect of equilibrium on separation efficiency. However, 
each optimization run takes around 3-6 hours which makes expanding our analysis to 
include other isotherms and selectivities unwieldy. Therefore, we have used the single 
crystal model with the systematic SAIL algorithm described in Section 4.2.2, to explore 
the isotherm and diffusion property parameter space more extensively. 
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4.3.1 Optimization procedure using full packed bed model 
The packed bed model described in section 4.2.1.2 was used to simulate 3-step 
Pressure Swing Adsorption (PSA) cycles until cyclic steady state (CSS) was reached. The 
steps were pressurization with feed, adsorption and counter-current blowdown. The 
product of interest was the slower diffusing species which is obtained in pure form during 
the adsorption step. The multi-objective optimization problem was to obtain the purity-
recovery pareto front for this component. Energy consumption and productivity were 
calculated, but not included as constraints in the optimization problem. The variables that 
were optimized were the step times, velocity of the feed, length of the bed and the operating 
pressures. Detailed description of the performance objectives and range of the decision 
variables are provided in the SI. We used surrogate assisted algorithm, SOCEMO47 for 
efficient optimization with few model evaluations. In our analysis, the model evaluation 
budget for each optimization was set to 100. Each optimization took around 3-6 hours to 
complete. The evaluation budget was set to minimize time spent per sample material, while 
still getting a general idea about performance relative to others. 
4.3.2 Application of SAIL to crystal uptake model 
The isolated single crystal model is orders of magnitude faster to solve compared 
to optimizing the full bed model. Therefore, it is worthwhile to compare materials which 
perform well when looking at this simplified model to those that perform well in terms of 
a fully optimized PSA cycle. To explore impact of adsorbent property parameters in terms 
of crystal uptake performance, we used SAIL. To implement the algorithm we need to 
define the feature space or the phenotypes we want to explore and, some measure for 
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comparing relative performance of one material over another. The input parameter space 
to describe an adsorbent for kinetic separation (genotype) is described later. 
The phenotype space that we have chosen comprises the equilibrium selectivity 
 
ijequlibrium
  and the diffusivity ratio  1 2c cD D , since these are the parameters typically 
used to estimate the ideal kinetic selectivity of materials (Equation 4.1). Our performance 
evaluation metric is described next.  
As shown in Figure 4-1 difference in crystal diffusion rates of two components in 
a mixture leads to supra-equilibrium loadings for the faster diffusing component. We are 
interested in understanding the impact of this supra-equilibrium loading on the potential 
separation efficiency. Specifically, we are interested in understanding how material 
property parameters such as isotherm shape and crystal diffusivity affects enhancement of 
transient selectivity above equilibrium. To facilitate this analysis, we have used the 
maximum improvement in selectivity as the performance metric to compare different 
materials.  
Figure 4-3 represents the transient change in kinetic selectivity (equation 4.2) 
curves for four different materials. These have been normalized w.r.t. the respective 
equilibrium selectivity. This normalized metric can be interpreted as the contribution of 
crystal diffusion towards selectivity enhancement. The maximum height of these curves 
labelled ‘A’ in Figure 4-3 is what we refer to as the improvement in selectivity metric to 
compare performance of two different materials for kinetic separation. The width of these 
peaks could also be a parameter of interest but this is not in the scope of our current work. 
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Figure 4-3 - The figure represents normalized transient curves for kinetic selectivity. 
The curves are normalized with respect to the equilibrium selectivity at the gas 
phase concentration at the crystal boundary. ‘A’ represents the improvement in 
selectivity metric used in our study. It is the maximum value of the normalized 
kinetic selectivity. 
4.3.3 Independent property parameters impacting kinetic separation 
Here we describe in detail, the set of independent property parameters of an 
adsorbent that can impact its kinetic separation performance. The property parameters are 
similar whether we analyze performance in terms of the full PSA analysis or just the crystal 
uptake. To understand this independent property parameter space, we need to look at the 
detailed Maxwell-Stefan crystal diffusion model, introduced in Section 2.1.1. 
Dimensionless forms of these equations have been included in Appendix D. The 
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4.3.4 Favorable materials for optimized PSA performance 
Independent property parameters effecting kinetic separation performance are 
described above. In the full PSA analysis we have only considered cases with 2
sat =1. 
From a random sampling of Langmuir isotherms  0 0 01 2 1,b b b we selected those 
parameters which gave equilibrium selectivity close to 1 and; from that set, selected four 
that were sufficiently distinct from each other (Figure 4-4).  
 
Figure 4-4 - (a & b) Show competitive Langmuir isotherms generated by the four 
sets of parameters selected for full PSA analysis, for components 1 and 2 
respectively. Each pair has an equilibrium selectivity close to 1. 
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In the following sections we have analyzed the relative kinetic separation 




cD R D . The 
comparison was based on optimized pareto fronts for PSA cycles as described in section 
4.3.1. Throughout the analysis component 1 is the faster diffusing species, component 2 is 
the slower species. 
4.3.4.1 Effect of crystal radius 
Changing crystal radius changes the diffusion length for mass transfer when this is 
the controlling resistance. In a PSA cycle on the other hand, optimizing cycle step times 
might compensate for the changing diffusion distance. To understand how this impacts 




cD R  impacts PSA separation 
performance when all other material parameters are unchanged. Figure 4-5 shows pareto 
fronts for kinetic separation of a 50:50 mixture using materials with five diffusivity ratios 
of the two components ranging from 6.5 to 260, when equilibrium is described by isotherm 
C  (in Figure 4-4). Similar results were also obtained for the other three isotherms as well. 
The results show that there is an optimal range of crystal radius that maximizes the 
purity recovery trade-off in the packed bed. Product recovery suffers when the crystal 
radius is too small as evidenced by the convex shape of the pareto front. On the other hand, 
at too high a crystal radius, the maximum purity suffers heavily. The effect of crystal radius 
on PSA performance becomes increasingly mild as the difference between the diffusivity 
of the two components increases. We can conclude that the crystal radius is an inherent 
material property parameter that impacts optimal performance of the PSA cycle. External 
factors such as cycle step times are unable to compensate for its impact.  
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Figure 4-5 - Pareto plot of the separation of a 50:50 gas mixture on a hypothetical 
adsorbent with thermodynamic parameters corresponding to isotherm C in Figure 
4-4 and kinetic property parameters as indicated on the plots. The aim of this plot is 




cD R . 
4.3.4.2 Effect of isotherm parameters and diffusivity ratio 
With a better understanding of the impact of crystal radius on kinetic separation 
performance, we next consider  the relative impact of inherent material property 
parameters, the diffusivity ratio and the shape of the isotherm. Figure 4-6 shows the purity-
recovery pareto fronts for kinetic separation of a 50:50 mixture of gases with material 
adsorption equilibrium represented by the four different isotherms shown in Figure 4-4. 
The analysis is performed for four different diffusivity ratios  1 2i.e. c cD D  ranging from 
16 to 260. Each pareto front is obtained in the optimal crystal radius  22i.e. c cD R  as 
explained in the previous section. It is evident that for equal equilibrium selectivity
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 here, 1equilibrium  and diffusivity ratio, there is a very significant impact of the 
isotherm shape on kinetic separation performance. Each plot shows that increased 
steepness of the isotherm slope (achieved mathematically by increasing affinity parameter 
b), leads to a better separation performance irrespective of other material property 
parameters. 
 
Figure 4-6 - Pareto plot of the separation of a 50:50 gas mixture on a hypothetical 
adsorbent with thermodynamic and kinetic property parameters as indicated on the 
plot. Higher slope of the isotherm leads to a better pareto trade-off between purity 
and recovery. (Plots of the isotherms are also shown in Figure 4-4.) 
The following analysis investigates the relative importance of diffusivity ratio and 
the isotherm shape on kinetic separation efficiency. This is shown in Figure 4-7 and Figure 
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4-8 for isotherms D and B (refer to Figure 4-4 ) which are shallow and steep isotherms 
respectively. In both cases it is visible that significant changes in diffusivity ratio have 
relatively mild impact on the overall kinetic separation performance. The impact of 
changing the diffusivity ratio is especially low when the isotherm has a steeper slope 
(Figure 4-7). Improvement in performance can be achieved by increasing diffusivity ratio 
when the isotherm is shallow (Figure 4-8). 
 
Figure 4-7 - Pareto plot of the separation of a 50:50 gas mixture on a hypothetical 
adsorbent with kinetic property parameters as indicated on the plot. 
Thermodynamic parameters match isotherm D in Figure 4-4.) 
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Figure 4-8 - Pareto plot of the separation of a 50:50 gas mixture on a hypothetical 
adsorbent with kinetic property parameters as indicated on the plot. 
Thermodynamic parameters match isotherm B in Figure 4-4.) 
4.3.5 Exploring impact of property parameters through the simple crystal uptake model 
In the previous section, full-scale PSA cycle optimizations have indicated a strong 
correlation between a material’s isotherm parameters and its kinetic separation 
performance in the case where equilibrium selectivity was close to 1. However, each case 
required an optimization run which takes around 3-6 hours to complete. While this provides 
a detailed understanding of the system, a faster approach will enable expansion of our 
analysis to all possible equilibrium selectivities. In the following section therefore, we use 
the transient characteristics from single crystal uptake simulations, to explore the impact 
of varying material property parameters on kinetic separation effectiveness. We have used 
SAIL algorithm to facilitate systematic exploration as described in section 4.2.2. The 
performance metric is maximum improvement in selectivity as described in section 4.3.2. 
The features of interest i.e. the phenotypes are the equilibrium selectivity and the diffusivity 
ratio, also elaborated in section 4.3.2. We also compare our findings to the commonly used 
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measure to compare kinetic separation performance of materials, the ideal kinetic 
selectivity (
ijkinetic
 ) as indicated in equation 4.1. The ideal kinetic selectivity is an 
analytical expression based on the assumption of short contact times and uncoupled crystal 
diffusion. 
4.3.5.1 SAIL Results for Competitive Langmuir Isotherm 
The input parameter space (phenotype) along with the isotherm equations have been 
described in section 4.3.3. In the following analysis we have only considered cases where 
the saturation capacities for both components in the gas mixture are identical (i.e. 2
sat =1.) 
as is appropriate for competitive Langmuir isotherm. As mentioned previously component 
1 is the faster diffusing component and component 2 is the slower diffusing. We are only 
interested in cases where the maximum transient kinetic selectivity towards component 1 
is greater than 1. Calculations that resulted in uptakes that had maximum kinetic selectivity 
towards the faster component less than 1 were discarded.    
Figure 4-9 (a) & (b) show the final maps for the optimal input parameters predicted 
by SAIL. Since we have not included cases where kinetic selectivity towards the faster 
diffusing component 1 was unfavorable (< 1) there are some empty bin on the left-hand 
side of these plots. We notice that the affinity parameters  1 2 and b b  are selected to be 
the maximum possible given the restriction on equilibrium selectivity which is represented 
on the x-axis. This observation is in agreement with what was observed for the full PSA 
optimizations for materials with equilibrium selectivity of 1. The SAIL algorithm took 
approximately 500 seconds to run with a precise evaluation budget of 150, which is 
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significantly lower than the PSA evaluations, which took 3-6 hours to evaluate a single 
point.  
 
Figure 4-9 - SAIL results showing the predicted material parameters for high 
kinetic separation performance for competitive Langmuir isotherms and Maxwell-
Stefan diffusion formulation. (c) shows the predicted values of maximum 
improvement in selectivity over equilibrium when separation is performed using 
these high-performing materials 
Figure 4-9 (c) shows the maximum improvement in selectivity predicted by SAIL 
for different combinations of diffusivity ratio and equilibrium selectivity. The diffusivity 
ratios plotted vary from 2 (i.e. 1 2 1.42
c cD D   ) up to 55 ((i.e. 1 2 7.42
c cD D   ). If 
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equation 4.1 was accurate then the performance metric  kinetic equilibrium   would be 
correlated to the diffusivity ratio alone and vary from 1.4 to 7.4. However, we observe that 
there is also a strong positive correlation with the equilibrium selectivity, especially in the 
lower selectivity ranges (< 1). At higher equilibrium selectivities, the correlation with 
equilibrium selectivity is much weaker. However, the predicted maximum improvement in 
kinetic selectivity is still higher than just 1 2
c cD D  which indicates a strong coupling of 
system kinetics and thermodynamics which cannot be captured by equation 4.1 which 
assumes Fickian diffusion. One drawback of the current analysis is that we do not have any 
metric that can predict the impact of changing diffusion length on separation performance, 
as was done in the full scale PSA analysis in section 4.3.4. 
4.3.5.2 Discussion and comparison with Fickian diffusion 
To further emphasize the impact of system thermodynamics on kinetic separation 
performance, we have also performed SAIL analysis on the same set of material property 
parameters, using Fickian diffusion formulation as opposed to Maxwell-Stefan. The results 
are shown in Figure 4-10. Two important observations can be made. (a) & (b) show the 
isotherm parameters (b1 and b2) predicted to maximize kinetic separation performance. 
There is no observable pattern in the parameters selected by the algorithm, they appear 
random which is in contrast to what we observed in Figure 4-9. This shows that the 
isotherm shape has no impact on separation performance predicted by Fickian diffusion 
which is to be expected. The other observation is in Figure 4-10 (c) where we plot the 
maximum kinetic equilibirum   which shows a linear correlation with diffusivity ratio alone, 
and appears uncorrelated to the equilibrium selectivity. Moreover, the values go from 1.4 
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to 7.4 which is what we expect from the ideal selectivity prediction of equation 4.1 (i.e. 
1 2
c c
kinetic equilibirum D D   ). 
 
Figure 4-10 - SAIL results showing the predicted material parameters for high 
kinetic separation performance for competitive Langmuir isotherms and Fickian 
diffusion formulation. (c) shows the predicted values of maximum improvement in 
selectivity over equilibrium when separation is performed using these high-
performing materials 
4.3.5.3 Incorporating Toth isotherm into SAIL analysis 
A limitation of using the competitive Langmuir isotherm to describe adsorption 
behavior is that it assumes equal saturation capacity of the adsorbent and site-
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heterogeneity. To overcome this issue, we incorporated IAST calculations48 for multi-
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Where bi is the temperature dependent affinity parameter and ni is the temperature 
independent heterogeneity parameter49. 0 < ni ≤ 1, and deviation from 1 indicates greater 
heterogeneity. qsati is the saturation loading of component i. Our focus here is on two 
component adsorption systems.  
4.3.5.3.1 Calculation of Thermodynamic correction factor (Г) 
Whereas calculation of thermodynamic correction factor ij  (equation 4.5) is 
analytical for the competitive Langmuir isotherm, typically, only a numerical estimate is 
possible when using IAST. This requires knowledge of equilibrium pressure corresponding 
to crystal loading at each radial node and at each time point, which greatly increases 
computational complexity. Landa et al48 describe a procedure for analytical calculation of 
the Jacobian (J) form knowledge of loading and corresponding equilibrium pressure, 
without the need for an analytical multi-component isotherm (Appendix D). This has been 
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While these approaches were robust for a wide range of isotherm and diffusivity 
parameters, numerical failure was still unavoidable close to the boundary of our parameter 
range. This was attributed to the need for calculation of equilibrium pressure at each node 
of the crystal. To avoid this we approximated  form the multi-component Langmuir 




















Appendix D, Figure D-3 shows that this expression has very good qualitative 
agreement with the full calculation of   and was therefore found appropriate for the 
purpose of comparing relative performance of materials. 
4.3.5.3.2 SAIL results 
Figure 4-11 shows the results for running SAIL with isotherm parameters 
corresponding to single component Toth equation and the Maxwell-Stefan Diffusion 
formulation. The results are very similar to those described in section 4.3.5.1 using 
competitive Langmuir equations. The heterogeneity parameter was allowed to vary from 
0.5 to 1. The algorithm shows preference for higher n values. This can be interpreted to 
mean a preference for steeper slopes in the isotherm. This cannot be correlated to a 
preference for site-heterogeneity simply due to the empirical nature of the Toth isotherm. 
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Figure 4-11 - SAIL results showing the predicted material parameters for high 
kinetic separation performance for Toth isotherms and Maxwell-Stefan diffusion 
formulation. (f) shows the predicted values of maximum improvement in selectivity 
over equilibrium when separation is performed using these high-performing 
materials 
4.4 Summary 
Kinetic separation exploits differences in diffusion coefficients of different 
adsorbates in the mixture irrespective of their equilibrium loading amounts. There is no 
straight forward method of screening adsorbents for kinetic separation based on diffusion 
coefficients and isotherm data alone. This is mostly due to the complex coupling between 
the kinetics and equilibrium. Our aim was to test the accuracy of the current standard 
approach of ranking material selectivity for particular kinetic gas-separation. It is denoted 
as a product of equilibrium selectivity and square-root of their diffusivity ratio. The study 
is conducted in two parts. Throughout our analysis we have used the extensively studied 
Maxwell-Stefan diffusion equation which has been shown to capture transient crystal 
 127 
diffusion characteristics with far greater accuracy than the Fickian formulation. We have 
looked at optimized purity-recovery pareto curves in 3-step PSA cycles, for four Langmuir 
isotherms that have no equilibrium selectivity (=1). These hypothetical materials also 
varied in diffusivity ratio and crystal radius. The conclusion from our analysis was that for 
a given set of diffusivities, there exists an optimal range of crystal radius that can maximize 
separation performance. Smaller crystals result in poor process recovery whereas, larger 
crystals result in a reduction in optimal purity of the slow diffusing product. We also found 
that the slope of the isotherm has a very strong effect on separation performance, even for 
similar equilibrium selectivities. A higher slope of the isotherm resulted in higher purity of 
the slow product. The diffusivity ratio on the other hand had a milder impact on kinetic 
separation when compared to the isotherm slope. To expand our analysis to equilibrium 
selectivities other than 1, we have used a surrogate assisted illumination (SAIL) algorithm 
based on single crystal uptake simulations. As opposed to multiple hours spent in a PSA 
cycle optimization, a single crystal simulation takes a few seconds. Steep isotherm slopes 
were found to result in higher transient selectivities for similar equilibrium selectivity and 
diffusivity ratio. This correlates well with what we observed at the PSA cycle scale. Similar 
observations were made when we applied SAIL to hypothetical materials described by 
Toth isotherms. From these analysis we suggest that using the ideal kinetic selectivity 
metric mentioned earlier is inadequate for comparison of materials for kinetic separation 
of a target gas mixture. In addition, the combination of SAIL and single crystal uptake 
model was successfully able to replicate observations made using full PSA cycle 
optimizations. One shortcoming of our SAIL analysis was that we were not able to identify 
affect of crystal size on kinetic separation. This was mostly a limitation of our comparison 
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metric. Further work needs to be done to refine the performance metric used to compare 
materials using SAIL algorithm. 
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CHAPTER 5. MOVING BEYOND ADSORPTION CAPACITY IN 
DESIGN OF ADSORBENTS FOR CO2 CAPTURE FROM ULTRA-
DILUTE FEEDS: KINETICS OF CO2 ADSORPTION IN 
MATERIALS WITH STEPPED ISOTHERMS 
Parts of this chapter are adapted from ‘Darunte, L. A.; Sen, T.; Bhawanani, C.; 
Walton, K. S.; Sholl, D. S.; Realff, M. J.; Jones, C. W. Moving Beyond Adsorption 
Capacity in Design of Adsorbents for CO2 Capture from Ultradilute Feeds: Kinetics of 
CO2 Adsorption in Materials with Stepped Isotherms. Ind. Eng. Chem. Res. 2019, 58 (1), 
366–377.’ Dr. Lalit A. Darunte performed the experiments, while I performed simulations 
in gPROMS. Model development to explain experimentally observed phenomena was 
equally contributed to by Dr. Lalit A. Darunte and Trisha Sen.  
5.1 Introduction 
CO2 capture from ultra-dilute feeds is gaining attention as a key part of global and 
local carbon management programs.1–3 Direct air capture (DAC) is one of the few carbon 
emissions mitigation technologies that has the potential to be carbon negative. Amine-
functionalized adsorbents such as mesoporous silica,3–5 carbon,6 and metal organic 
frameworks (MOFs)7,8 have attracted attention for DAC because of their high CO2 
capacities even at ultra-dilute CO2
 concentrations.  Much of the work in this field has 
focused on the development of materials with large equilibrium adsorption capacities.9–11 
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Metal organic frameworks (MOFs) are a class of hybrid organic-inorganic materials 
that have generated significant interest for CO2 capture.  Several MOFs have been 
developed that strongly adsorb CO2 at ultra-dilute concentrations.
12–14 One example is the 
amine-functionalized Mg2(dobpdc) material reported by Long and co-workers.
13,15,16 The 
Mg2(dobpdc) framework, when functionalized with N,N’-dimethyl ethylene diamine 
(MMEN) and ethylene diamine (ED), have room-temperature CO2 uptakes of 3 mmol/g
15 
and 2.83 mmol/g,17respectively,  in the presence of 0.4 mbar of CO2. The sigmoidal shape 
of the CO2 isotherm in these materials has been explained in terms of a cooperative 
insertion mechanism in which capture of one CO2 creates a facile pathway for capture of 
another CO2.  This mechanism has led to the creation of a series of materials with a sharply 
stepped CO2 adsorption isotherm in which the variation in metal centers and diamines 
allows the pressure at which the step occurs to be tuned.15The existence of a sharp step in 
the CO2 isotherm suggests that a high working capacity for CO2 capture may be possible 
in a cyclic adsorption process using a relatively small change in pressure or 
temperature.16,18A key aim of this chapter is to explore whether factors extending beyond 
this conceptual description of equilibrium adsorption may be critical in practical 
applications of these materials.  
Additional considerations such as an adsorbent’s stability and suitable 
adsorption/desorption kinetics are required to develop adsorbents for a practical process.3,8 
While previous articles18–20 discussed the stability of these materials under humid 
conditions, not much is known about the kinetics of CO2 adsorption for a potentially 
practical process. Often, the CO2 adsorption kinetics put limitations on the throughput 
possible in a practical process. In CO2 purification, the adsorption process is typically 
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halted when CO2 breakthrough is achieved, and this may be kinetically controlled. The 
kinetics of CO2 adsorption can also limit the utilization of an adsorption bed, as slow 
adsorbing systems can have long mass transfer zones (MTZ), leaving some fraction of the 
bed unused.21 In this work, we are primarily concerned DAC processes, which are typically 
operated as extractions rather than purifications, where the emphasis is on the rate of CO2 
extraction using the system (mmol/g-adsorbent/h), making efficient bed use is critical. 
Practical adsorption-based separations require that the adsorbent be deployed in a 
fixed-bed, immobilized on a practical substrate such as a monolith22,23 or hollow fibers,24,25 
or deployed in a fluidized bed.26 Ultra-dilute systems require special attention to the design 
of the gas-solid contactor, necessitating designs that offer very low pressure drops such as 
fiber and monolith contactors.11,27  Mass transfer in these systems can potentially be 
affected by a range of competing heat and mass transfer effects, including film, macropore, 
or micropore resistances and adsorption/desorption/reaction. Film and macropore 
resistances are relatively well understood.28,29 Non-trivial components of system design 
include the estimation of micropore diffusion, surface resistances, and reaction (or 
adsorption/desorption) kinetics. Usually, one or more of these are the controlling 
resistances and limited studies exist for transport of CO2 in supported amine materials.
30–
38 In the absence of precise microscopic techniques, macroscopic techniques such as 
gravimetric uptake or pressure decay can be used to measure the kinetics of CO2 
adsorption.  
Several different CO2 adsorption kinetic models have been proposed to describe 
thermogravimetric gas (TGA) uptake analysis for amine-functionalized adsorbents. 
Pseudo-first order,39,40 pseudo-second order,41 Avrami’s fractional-order,42 and other 
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fractional-order30 kinetic models  have all been explored. Serna-Guerro et al.31 studied TRI-
PE-SBA-15 (an aminosilane-grafted mesoporous silica material) on a TGA using a first 
order, a pseudo-second order, and an Avrami model, and suggested the Avrami model fit 
the data best for the adsorption of CO2 at 5%  concentration in N2 at elevated temperatures. 
Other examples where the Avrami model has been applied to CO2 adsorption include 
amine-functionalized multi-walled carbon nanotubes,43TEPA-functionalized mesoporous 
silica,33,34 and poly(ethyleneimine) (PEI) modified phenolic resin.35 The application of 
Avrami model to adsorption of CO2 in amine-functionalized materials is not without 
drawbacks; it lacks an underlying physical mechanism, and the rate constant becomes very 
large at long times. Other studies32,36,37,44 in adsorption of CO2 in polyamine-functionalized 
silica included the development semi-empirical models that attempted to utilize underlying 
mechanism of CO2 adsorption.  
The work summarized above used TGA experiments to assess CO2 uptake. These 
experiments offer a useful initial assessment of an adsorbent but understanding mass 
transfer in packed beds or other supported adsorbent systems requires consideration of 
additional factors such as axial dispersion and heat effects. These factors are less important 
in TGA experiments, which typically use high flow rates. For example, Bollini et al.45 
analyzed CO2 adsorption on 3-aminopropyl silane (APS) functionalized mesoporous SBA-
15 silica using a packed-bed adsorber. They found that a single parameter LDF (Linear 
Driving Force) model is not sufficient to predict the long tail observed in the CO2 
breakthrough from a packed bed with material with high amine loadings and that heat 
effects were negligible at low flow rates for dilute feeds.  
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A well-designed experiment with a small bed can allow accurate predictions for 
larger beds if it can capture the dynamics of CO2 adsorption satisfactorily. Some of the 
parameters of interest are the CO2 concentration profile at the exit of the bed, the fractional 
bed usage, the overall CO2 capture fraction, the breakthrough time, the productivity, and 
the adsorption rate constant, kads. Mass transfer of CO2 in a packed bed can be modeled by 
equation 5.1,46 which takes into account dispersive and mass transfer effects.  
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Here Cg, Dax, ug, 𝜌𝑝, ε are the gas phase concentration, axial dispersion coefficient, 
gas phase superficial velocity, particle density, and porosity, respectively.  
In the present work, CO2 adsorption in packed beds was studied in materials with 
stepped isotherms using MMEN-Mg2(dobpdc) as an example. Local equilibrium theory 
predicts the formation of a “Dual Shock” breakthrough profile with a plateau located at the 
concentration/pressure step in the sigmoidal isotherm. Our experimental results 
qualitatively followed this expected behavior, but showed significant deviations. Our 
results indicate a striking difference in the CO2 uptake at different flowrates and 
concentrations. This work highlights the importance of kinetic models in understanding the 
full utility of adsorbents and develops a general framework that can be used to analyze 




5.2 Experimental Section (sections 5.2.1 to 5.2.4 are the contributions of L. Darunte)  
5.2.1 Chemicals 
Mg(NO3)2-6-H2O (Fischer, reagent grade), N-N’ dimethyl ethylene diamine 
(Fischer, reagent grade), dimethylformamide (Fischer, ACS grade), N-hexane (Fischer, 
anhydrous,) and methanol (BDH Chemicals, ACS grade) were used as received.  N-hexane 
and MMEN were stored in an N2 containing glovebox to keep them moisture free. 
5.2.2 Material Synthesis 
H4(dobpdc) was synthesized using the approach of McDonald et al.
13 Mg2(dobpdc) 
was then synthesized following the recipe of McDonald et al.15 The synthesis was 
performed in a convection oven at 120 °C in sealed pressure tubes to achieve a narrow 
distribution of crystal sizes.  Scanning electron microscopy (SEM) showed needle-shaped 
crystal with 3-5 µm length. Needle-shaped crystals are akin to those observed in Figure 3.4 
of our previous publication.22 
5.2.3 Characterization 
N2 Physisorption & Powder X-ray diffraction (PXRD) measurement details can be 
found in our previous publication.22 
CO2 adsorption isotherms were obtained using a Micromeritics 3 Flex at various 
temperatures (25 °C, 49 °C, and 69 °C). MOF samples (~70 mg) were activated at 100 °C 
under 10 Bar vacuum for 4h. The adsorption isotherm at 23 °C was obtained based on the 
modeling fit to experimental isotherms at three different temperatures. 
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5.2.4 Breakthrough Adsorption Experiments 
A custom-built setup, shown schematically in Figure 5-1, was used to perform 
breakthrough adsorption measurements. Helium was used as the carrier gas. Pre-mixed He 
containing 400 ppm CO2 was obtained from Matheson Trigas Ltd. Pre-mixed He 
containing 1000 and 10020 ppm CO2 were obtained from Airgas Inc. The system consists 
of mass flow controllers (MFC, 0-200 SCCM/min N2) to control the flowrate of He and 
pre-mixed mixtures of CO2 in He. A LI-COR 840 analyzer was used to continuously 
measure the effluent gas concentration. The LI-COR 840 is an absolute non-dispersive 
infrared (IR) based analyzer with a measurement range of 0-20000 ppm CO2. The 
temperature in the bed was recorded with a type K thermocouple. MOF powders containing 
small crystals agglomerated into larger particles were sieved to obtain particles in the size 
range of 153-425 µm. The packed bed system was well insulated, and the temperature was 
controlled using an Omega benchtop CSi32 PID based controller. The bed was regenerated 
at 115 °C for 4 h until the exit concentration was below 5 ppm CO2 between cycles. The 
deadtime of the system was measured using a helium tracer and was found to be less than 
1 min for the employed experimental conditions. Additional analysis of the impact of the 
dead volume on the spreading of the breakthrough curve (Figure E-7) suggested that 
negligible spreading of the breakthrough for the conditions used in the experiments. 
Correspondingly, the effect of dead volume on the breakthrough are neglected in the 




Table 5-1 - Parameters of the packed bed adsorber and operating conditions. 
Packed bed experiments 
parameters 
Value 
Length of the bed 5.5 cm 
Internal radius 0.4 cm 
Desorption Temperature 115 °C 
Adsorption Temperature 23 °C, 49 °C, 70 °C 
Particle size (dp) 153 – 425 µm 
MOF crystal length 3-5 µm 
MOF crystal density 860 kg/m3 
Particle porosity 0.85 
Bed porosity (ε) 0.32 
Adsorbent weight 60 mg 
Feed  
Pressure 1.1 Bar 
Flow rate 17.2 NmL/min, 28.2 NmL/min, 48.6 
NmL/min, & 100 NmL/min 
Concentration of CO2 in the 
feed 
400 ppm, 1000 ppm, 5660 ppm, & 
10020 ppm 
 
Figure 5-1 - Packed bed adsorption system schematic. 
5.2.5 Adsorption Isotherm Fitting 
The sigmoidal CO2 isotherm of MMEN-Mg2(dobpdc) is modeled using the method 
outlined by Hefti et al.52 with some modifications.  Total adsorption is the sum of two 
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adsorption mechanisms denoted by *
1q , and 𝑞2
∗.  The equilibrium adsorbed quantity at the 
step partial pressure,
stepp  is denoted by qsat. Adsorption of CO2 below stepp  is represented by 
a Sips isotherm with a temperature dependent surface heterogeneity factor (n). A 




1total qq q   (5.2) 
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A smooth function ( )w  is used to switch between the low pressure Sips and the high 
pressure Langmuir-Henry isotherms, shown here in equation 5.8. Parameters in the 
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isotherm are listed in Table C-1. Other details in isotherm are given in equation C.1-C.13 
and Table C-1.  
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The temperature dependence of the transition pressure,
stepp is modeled using 
equation 5.9. A reference state was assumed at 313 K for the 
stepp of 0.8 mbar
15. The 
temperature dependence of various parameters was obtained based on isotherms at 
different temperatures. 
  (5.9) 
5.2.6 Linear Driving Force Parameter Model for Packed Bed Adsorption 
A packed bed model for CO2 adsorption was developed to simulate the temperature 
swing adsorption process. In a typical packed bed experiment, adsorbents were sieved to 
obtain adsorbent particles between 153-425 m. This typically results in macropores and 
micropores inside each particle. The mass balance in the packed bed is modeled by 
equation 5.1, which accounts for mass transport by convection and diffusion in the gas 
phase. Equation 5.10 describes mass transfer for pressures below the step pressure (
stepp ) 
using a pseudo-first order (PFO) model. Equation 5.11 describes mass transfer with an 
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The initial and boundary conditions that account for zero loading at zero 
concentration of CO2 in the bed are  
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where k1, k2, Cg, and q are the PFO model rate constant, Avrami model rate constant, 
gas phase concentration, and averaged adsorbed concentration, respectively. Axial 
dispersion coefficient, DL was calculated using the Wakao & Funazkri empirical 
correlations53 (Equations C.30, C.31). In all of our calculations, we assume that there are 
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no radial gradients in concentration, velocity, or temperature, that the gas phase in the bed 
can be described as an ideal gas, and the entry effects on heat and mass transfer are 
negligible. Breakthrough profiles were simulated using gPROMs50 ModelBuilder for 
equations 5.1-5.12 and C.1-31. 
5.3 Results and Discussion 
5.3.1 Isotherm fit and temperature dependence of Pstep 
MMEN-Mg2(dobpdc) samples were prepared and activated following the method 
by Long and workers.15,16 Our measured equilibrium CO2 adsorption isotherms in MMEN-
Mg2(dobpdc) at several temperatures (25 °C, 49 °C, and 69 °C) are shown in Figure 5-2.  
The solid curves in Figure 5-2 show fits to the experimental data using the isotherm model 
described above. As noted previously by Long and coworkers15,16, the sharp step in the 
CO2 isotherm is strongly temperature dependent. An additional predicted isotherm was also 
 
Figure 5-2 - Experimental data (symbols) and modeling fit (solid curves) at 25 °C 
(black),  49 °C (red) and 69 °C (blue) for CO2 adsorption in MMEN-Mg2(dobpdc). 
Parameters for the modeling fit are listed in Table C-1. 
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obtained at 23 °C to account for the temperature variation during breakthrough 
experiments.  
We now consider the implications of the adsorption isotherms in MMEN-
Mg2(dobpdc) for packed beds filled with this material. Breakthrough profiles in a packed 
bed of MMEN-Mg2(dobpdc) at a range of CO2 partial pressures  at 17.2 NmL/min flowrate 
were simulated in gProms50, considering simple macropore diffusional resistance. Results 
of these simulations are shown in Figure 5-3 (left). We note that, for feeds with CO2 partial 
pressures of 0.4 mBar, 1 mBar and 5.6 mBar, the breakthrough curves have behaviors that 
involve multiple steps or dual shock waves 51,52. 
 
Figure 5-3 - Normalized breakthrough profiles for a packed bed of MMEN-
Mg2(dobpdc) at 23 °C as a function of the partial pressure of CO2 in the gas 
entering the bed. Simulations (left) and experiments (right) were carried out at the 
flow rate of 17.2 NmL/min. The results are shown in terms of the normalized CO2 
concentration at the exit of the bed. 
To allow comparison of the predictions above with experimental data, 
breakthrough adsorption experiments for a packed bed with the parameters in Table 5-1 
were performed at various concentrations, flowrates, and temperatures. Figure 5-3 (right) 
presents the normalized breakthrough adsorption data at the feed flowrate of 17.2 NmL/min 






















and various CO2 concentrations. The experimental results match the predicted dual shock 
waves breakthrough profiles quite well. In particular, the profiles for feeds with CO2 partial 
pressure of 0.4 mBar and 1 mBar show a relatively rapid initial shock wave breakthrough, 
followed by a longer dispersive wave to reach the feed concentration.  Experimentally 
observed times for the second shock wave for feeds with CO2 partial pressures of 0.4 mBar 
and 1 mBar are longer than the predictions from the simulations assuming simple 
macropore diffusion resistance. Additionally, the dispersive wave plateau concentrations 
were observed to be higher than expected. These observations suggest the presence of 
kinetic limitations, a point we return to below.  
A sharp breakthrough curve is expected to improve the utilization of the bed. CO2 
capture from point sources such as coal or gas-fired power plants is typically operated as a 
purification process, where the operation of the bed is stopped when the effluent 
concentration of CO2 exceeds a fraction (for example, 5%) of the feed concentration. DAC 
of CO2, however, is expected to be performed as an extraction operation,
10 with the fraction 
of CO2 extracted chosen based on process economics rather than regulatory constraints. 
For mmen-Mg2(dobpdc), the stepped isotherm along with the very low capacity before the 
step signifies a relatively early breakthrough and a more useful metric in this case is the 
rate of CO2 extraction. The rate of CO2 extraction is calculated as moles of CO2 captured 
per gram adsorbent per unit time. Quite often, the goal of DAC operation is to reduce 
otherwise long cycle times, even at the cost of a decrease in the fraction of CO2 captured 
from the feed. The rate of CO2 extraction is directly affected by the kinetics of CO2 
adsorption. Another metric that has been considered is the overall fraction of CO2 captured 
when the CO2 concentration at the exit of the bed is 95% of the feed concentration. Table 
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5-2 lists the net rate of CO2 extraction using the bed along with the overall CO2 capture 
fraction when 95% of the initial CO2 concentration is detected in the effluent. A short first 
shock followed by a long wave leads to a poor utilization and lower rate of CO2 extraction 
using the bed for feeds with a CO2 partial pressure of 0.4 mBar or 1 mBar. As the 
breakthrough curve sharpens for higher concentrations of CO2, both rate of CO2 extraction 
and CO2 capture fractions increase. The experimental CO2 capture fraction is lower than 
the theoretical values, suggesting the existence of kinetic limitations. 
Breakthrough adsorption experiments were conducted at a CO2 partial pressure of 
0.4 mBar and different flowrates. The resultant breakthrough profiles are shown in Figure 
5-4. A typical dual shock wave breakthrough profile, such as those shown, has three 
important features, (i) the time of the first shock wave, (ii) the concentration of the 
dispersive wave, and (iii) the wave profile until the saturation. 
Table 5-2 - Rate of CO2 extraction and overall CO2 capture fraction for the 
feed flow rate of 17.2 NmL/min and various concentrations. 
Concentration/partial 











400 ppm/0.4 mBar 0.11 44 % 52% 
1000 ppm/ 1 mBar 0.44 64 % 81% 
5660 ppm/ 5.67 mBar 3.34 83 % 97% 
10020 ppm/ 10.02 
mBar 
5.86 83 % 98% 
As expected, the breakthrough time for the first shock wave decreased as the 
flowrate of the gas mixture in the bed increased. A sharper breakthrough profile was 
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observed for higher flowrates. Unexpectedly, the concentration for the dispersive wave 
also increased along with a subsequent dip in the concentration, indicating non-equilibrium 
behavior. In the case of fast adsorption of CO2, the dispersive wave concentration is 
expected to be at the effluent concentration corresponding to Pstep for that particular 
temperature. For a concentration front entering the bed at 0.4 mBar, the concentration 
decreases as the bed adsorbs CO2, and because of the step in the isotherm, a gas mixture 
with a partial pressure of less than Pstep will slip through the bed with negligible adsorption. 
The dual shock breakthrough behavior is most prominent at lower flowrates and 
the breakthrough profile broadens for higher flowrates. This has important implications for 
process design applications. Table 5-3 lists the rate of CO2 extraction and CO2 capture 
fraction for different flowrates at 400 ppm and 23 °C. As the flowrates are increased from 
17.2 NmL/min to 100 NmL/min, the CO2 capture fraction decreased from 44% to 17%, 
while the time needed to saturate the adsorbent also decreased. Again, the experimental 
CO2 capture fraction was less than the theoretical CO2 capture fraction.  Net rate of CO2 
extraction using the bed increased from 0.11 mmol/g/h to 0.28 mmol/g/h. This indicates 




Figure 5-4 - Breakthrough adsorption experiments performed at 23 °C with the feed 
containing CO2 at the partial pressure of 0.4 mBar and different flowrates of 17.2 
NmL/min, 28.2 NmL/min, 48.6 NmL/min, and 100 NmL/min. Figure on the left 
shows full breakthrough profile while the figure on the right shows breakthrough 
profiles for first 3 hours. 
Table 5-3 - Rate of CO2 extraction and CO2 Capture Fraction for the bed at 
different flowrates 
Flowrate 








17.2 NmL/min 0.11 44 % 52% 
28.2 NmL/min 0.16 36 % 52% 
48.6 NmL/min 0.21 27 % 52% 
100 NmL/min 0.28 17 % 52% 
5.3.2 Development of a kinetic model at 400 ppm CO2 
For DAC operations, the rate of CO2 extraction is an important metric and a kinetic 
model accounting for the mass transfer of CO2 inside the bed was developed. The rate of 
accumulation of CO2 inside a particle is modeled using a linear driving force model. As 
shown in Figure E1, the breakthrough profiles for different flowrates were simulated at the 
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feed partial pressure of 0.4 mBar and 23 °C using a single linear driving force model. For 
all flowrates, the same plateau concentration and sharp shocks were predicted by the model. 
Figure E1 shows that a single linear driving force parameter model fails to explain the 
dispersive wave concentration and profile of the experimentally obtained breakthrough 
profiles. Further attempts were made by modeling CO2 adsorption in MMEN-Mg2(dobpdc) 
as a combination of two reactions, as described below.  
At partial pressures below the step, CO2 adsorption in MMEN-Mg2(dobpdc) has 
been suggested to be associated with ammonium carbamate formation with a 2:1 amine-
CO2 stoichiometry.
55 This has been modeled as an PFO linear driving force model, as 
shown by equation 5.10 which accounts for ammonium carbamate pathway at partial 
pressures below the step pressure.  
 








stepp p  (5.10) 
At pressures above pstep, cooperative insertion of CO2 leads to the saturation of 
amine sites over a small change in the CO2 partial pressure with a 1:1 amine-CO2 
stoichiometry.15,16,55 Such cooperative transitions have been observed in a few biological 
systems.56,57  In this mechanism, the binding of a second molecule to a multisite substrate 
is much faster than the binding of the first molecule. CO2 uptake in a cooperative process 
can occur either as an insertion of CO2 at a single site or as a part of the chain that has 
already formed. Net CO2 uptake is then a weighted combination of both insertions (single 
site and chain). At the start of the cooperative insertion, net CO2 adsorption is dominated 
by multiple single site insertions, which then set off propagating chains that capture 
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subsequent CO2 molecules at faster rates. This particular type of CO2 adsorption can be 
modeled by Avrami’s fractional order rate model, shown in equation 5.11: 
 ( 1)2








  (5.11) 
where k2, t, qeq2, nA are the Avrami rate constant, time, saturation capacity, and 
Avrami fractional constant, respectively.  
This hybrid PFO and Avrami model was applied to simulate the breakthrough 
profiles for different concentrations and flowrates.  The initial breakthrough before the 
isotherm step, was fitted by a PFO linear driving force model and the later part was fitted 
with the Avrami model.  Initially, a CO2 concentration of 400 ppm at different flowrates 
was considered. As shown in Figure 5-5, the hybrid model exhibits the best fit for the data 
and explains many characteristics of the breakthrough curve.  More specifically, it 
describes the first shock and dispersive wave concentrations well. It also predicts the dip 
in the dispersive wave at higher flowrates. As shown in Figure 5-5 (right), the PFO model 
for reaction 1 had the best prediction for the breakthrough. As the flowrate is increased, 
the breakthrough profile also sharpened. The majority of CO2 adsorption in the bed 
happened after the breakthrough and the Avrami model for the cooperative insertion of 
CO2 had a direct impact on the calculated dispersive wave concentration and the 
breakthrough profile until saturation. This suggests that the limiting resistance to the mass 
transfer lies inside the crystal, with the film and macropore resistances playing relatively 
less prominent roles in the mass transfer for the conditions used in our experiments. Given 
the small crystal (3-5 µm) lengths, we also expecting a smaller micropore diffusional 
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resistance to CO2 transport.  Indeed, previous PFG NMR diffusional studies suggest that 
micropore diffusion is quite rapid in these systems.58  
However, this hybrid scheme consisting of the PFO and the Avrami model failed 
to predict breakthrough profiles at higher concentrations. This highlights some limitations 
of the Avrami model. While it captured system dynamics for different flowrates at 0.4 
mBar partial pressure with reasonable accuracy, it failed to capture system dynamics at 1 
mBar, 5.6 mBar, and 10.02 mBar CO2 partial pressure. More specifically, it failed to 
capture the dispersive wave concentration at higher concentrations of CO2 in the feed.  
 
Figure 5-5 - Experimental (scatter) and simulated breakthrough profiles (solid lines) 
for CO2 adsorption with the CO2 partial pressure of 0.4 mBar in the feed. Simulated 
profiles were obtained at a flowrate of 17.2 NmL/min, 28.2 NmL/min, 48.6 NmL/min 
and 100 NmL/min at 23 oC. Avrami model which was used in this analysis to 
account the cooperative CO2 binding. 
5.3.3 Development of a kinetic model at higher concentrations 
McDonald et al.15 drew an analogy with Rubisco, a Mg-based enzyme known for 
fixing CO2 in plants, in early work on cooperative insertion of CO2 in MMEN-
Mg2(dobpdc). The kinetics of the enzymatic reaction often follows the Michaelis-Menten 
model. Here attempts were made to model the kinetics of CO2 adsorption based on 
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Michaelis-Menten kinetics by incorporating an additional coefficient, n, as an order for the 
CO2 concentration. In this hybrid scheme, the initial breakthrough was modeled by the 













  (5.12) 
where kf, kb, n are the CO2 consumption rate constant, half reaction rate constant 
and order of reaction, respectively.  Figure 5-6 demonstrates the experimental data (black 
scatter) and modeling predictions (solid black lines) for 1 mBAr (Figure 5-6a), 5.6 mBar 
(Figure 5-6b) and 10.02 mBar (Figure 5-6c) conditions at 17.2 NmL/min flowrate. The 
initial part of the uptake was fitted with a PFO model corresponding to a low equilibrium 
capacity, and the latter part was fitted with equation 5.12, corresponding to a high 
equilibrium capacity. This hybrid empirical scheme fits the data well, even though it has a 
limited physical justification. Values obtained for kf, kb, n are 7.11×10
-3 sec-1, 2.36×10-3 sec-
1, and 2.5, respectively. Also, breakthrough profile predictions are plotted for comparison 
in Figure C.5 using both the Avrami and Michaelis-Menten models for the cooperative 
insertion of CO2. 
 154 
 
Figure 5-6 - Experimental breakthrough data (scatter) and modeling predictions 
(solid line) for 1 mBar (a), 5.6 mBar (b), and 10.02 mBar (c) CO2 partial pressure 
conditions using the hybrid scheme consisting of the PFO linear driving force model 
and Michaelis-Menten model for the cooperative insertion of CO2 
It should also be noted that given the high heat of adsorption of CO2 in this system, 
thermal effects can have a significant impact on the breakthrough. In our particular case, 
the adsorbent bed was assumed to be a near isothermal system given a small volume of the 
bed. Also, no significant increase in the bed temperature was detected during the adsorption 
process. To understand thermal effects, CO2 adsorption in packed bed adsorption was 
simulated under both adiabatic and near isothermal conditions in Figures E4-E6 for two 
different CO2 concentrations of 400 PPM and 5660 PPM. A small temperature (~0.6 °C) 
increase was predicted at 17.2 NmL/min feed with 400 PPM CO2 concentration for the 
case of adiabatic bed. This resulted in a slightly higher concentration of the dispersive wave 
in the breakthrough than the isothermal case. At 100 NmL/min, the temperature rise was 
smaller than at 17.2 NmL/min for the case of an adiabatic bed and the breakthrough profile 
was almost identical with the near isothermal case. A higher increase in the bed temperature 
(~7 °C) was predicted in case of 17.2 NmL/min feed at 5660 PPM CO2 concentration. This 
suggests that at higher concentrations, thermal effects are more prominent in this system.  
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The modeling scheme used here has the limitation that it fails to identify a single 
unifying model to predict breakthrough profiles, but it captures many features of this 
complex system such as the shape of the complex breakthrough curve, as well as the 
dispersive wave concentration. More importantly, it offers practical ways to study 
breakthrough adsorption of the MMEN-Mg2(dobpdc) and related stepped isotherm 
systems. We believe our conclusions are also applicable to similar flow systems such as 
monolithic contactor/hollow fiber adsorbents because the resistance to the mass transfer 
comes from within the crystal. Further process studies should explore alternative gas-solid 
contactors that can overcome these limitations, in addition to the requirements of low 
pressure drop and effective heat removal at high concentrations. 
5.4 Summary 
The MOF MMEN-Mg2(dobpdc) has shown unprecedented, high adsorption 
capacities and high amine-efficiencies at ultra-low partial pressures of CO2 in equilibrium 
isotherm studies. This system shows a stepped isotherm that is tunable, and it has been 
suggested previously that such a system may be ideally suited for direct air capture (DAC) 
applications. In this work, CO2 adsorption in MMEN-Mg2(dobpdc) was studied under 
ultra-dilute conditions using a breakthrough adsorption setup as a proxy for practical flow 
systems. Dynamic CO2 adsorption experiments were carried out at various flow rates, 
temperature and concentrations. Breakthrough simulations with the assumption of simple 
macropore diffusion resistance suggested a dual shock breakthrough for lower feed 
concentrations. This was confirmed through experiments where a shock wave - dispersive 
wave - shock wave breakthrough was observed in experiments simulating DAC conditions. 
A single shock breakthrough was observed for CO2 concentrations above 1%. A higher 
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wave concentration was observed in adsorption experiments at higher flowrates compared 
to the feed concentration of 400 ppm, corresponding to DAC.  The breakthrough adsorption 
behavior was further described through a kinetic model that accounted for two different 
reaction mechanisms, ammonium carbamate formation and cooperative CO2 insertion. It 
was found that the hybrid rate law that consisted of a pseudo-first order and Avrami model 
gave a better prediction for the CO2 fixed bed breakthrough profile at 400 ppm conditions. 
A kinetic model analogous to Michelis-Menten model of enzymatic reactions was proposed 
for higher feed concentration conditions. The system performance was further 
characterized by quantifying the rate of CO2 extraction of the bed and the fraction of CO2 
captured at saturation. It was found that kinetic factors severely reduced the CO2 capture 
fraction at low concentrations, reducing the viability of MMEN-Mg2(dobpdc) for practical 
DAC applications. Improved rate of CO2 extraction and the fraction of CO2 captured makes 
the materials more suitable for adsorption applications where the CO2 concentration in the 
feed is more than 1%.  
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CHAPTER 6. SUMMARY AND FUTURE WORK 
6.1 Summary of current work 
6.1.1 Chapter 2 – Hollow Fiber Bed 
In this chapter we compared the separation performance of a hollow fiber bed to 
that of a packed bed using simulation studies. The analysis involved a detailed parametric 
comparison and was followed by a comparison of performance metrics in fully optimized 
PSA cycles. The target separation was an equimolar mixture of propylene and propane 
using zeolite 13X. Macropore diffusion was found to be nearly two times faster in the 
hollow fiber bed due to reduced diffusion length compared to a pellet in the packed bed. 
Heat transfer co-efficient per unit volume of adsorbent was intensified by three orders of 
magnitude in the hollow fiber bed due to the presence of an impermeable bore for 
heating/cooling medium. However, this also reduced the packing efficiency in the hollow 
fiber bed. We confirmed that this drawback would not reverse the advantages of the 
performance of the hollow fiber bed in our case studies.  
In terms of a full PSA cycle, with similar purity and recovery requirements, the 
hollow fiber bed showed nearly 5 times better productivity (per unit weight of the 
adsorbent) as compared to a packed bed.  Even in terms of volumetric productivity, the 
hollow fiber bed consistently showed a 2 fold improvement over the packed bed. Increased 
productivity directly indicates reduced capital cost when using expensive adsorbents that 
account for a significant portion of investment. Significant intensification can therefore, be 
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achieved by using the hollow fiber bed configuration over the packed bed, when the 
separation is equilibrium limited and specifically when heat management is of importance. 
6.1.2 Chapter 3 – OMS MOFs for ethylene/ethane separation 
In this chapter we aim to understand the impact of changing metal centers in open 
metal site (OMS) MOFs (with BTC as the representative linker) affects ethylene/ethane 
separation performance. We also investigated whether mixed-metal materials (MM’-BTC) 
could ever outperform pure metal M-BTC MOFs. DFT calculations (by a collaborator) for 
12 pure metal BTCs and 11 mixed metal BTCs generated binding energy (BE) data for 
their respective metal centers. 
The BE data was used to generate isotherms which could then be used directly for 
process evaluations. Pure metal BTCs were evaluated in terms of process performance 
metrics such as purity and energy consumption using both a simplified algebraic model as 
well as a fully optimized PSA cycle. While the simplified model under-predicts 
performance compared to the full model, trends observed in both evaluations is very 
similar. Interestingly both models predicted that the optimal operating temperature of 
operation of these OMS MOFs is a very strong function of the binding energy of ethylene. 
When examining the heterogeneous MOFs, the performance was mostly found to be 
lower than those of their homogeneous pure metal counterparts. However, we also found 
two examples that are exceptions to this rule. Cr-Mg-BTC gave significantly higher purities 
than both Cr-BTC and Mg-BTC and Cr-Zn-BTC slightly outperforms Cr-BTC and Zn-
BTC at an energy consumption of 0.5 GJ/ton. These examples are, therefore, a 
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demonstration that, in some circumstances, homogeneous (or pure) adsorbents do not 
necessarily outperform heterogeneous (or mixed) adsorbents for adsorptive separations.  
6.1.3 Chapter 4 – Kinetic Separation 
Kinetic separation exploits differences in diffusion coefficients of different 
adsorbates in the mixture irrespective of their equilibrium loading amounts. Our aim was 
to test the accuracy of the current standard approach of ranking material selectivity for a 
target kinetic gas-separation. It is denoted as a product of equilibrium selectivity and 
square-root of their diffusivity ratio. Throughout our analysis we have used the extensively 
studied Maxwell-Stefan diffusion equation which has been shown to capture transient 
crystal diffusion characteristics with far greater accuracy than the Fickian formulation. The 
study is conducted in two parts.  
 We have looked at optimized purity-recovery pareto curves in 3-step PSA cycles, 
for four Langmuir isotherms that have no equilibrium selectivity (=1), with varying 
diffusivity ratio and crystal radius. Additionally we also used a surrogate assisted 
illumination (SAIL) algorithm based on single crystal uptake simulations, to cover a wider 
range of equilibrium selectivities in a fraction of the time taken for full PSA simulations. 
We concluded that that for similar diffusivities and equilibrium selectivity, steeper 
isotherms show better kinetic separation performance. In addition, the size of the crystal 
also strongly impacts optimal performance whereas, diffusivity ratio was found to have a 
weaker than expected impact. Therefore, we suggest that using the ideal kinetic selectivity 
metric mentioned earlier is inadequate for comparison of materials for kinetic separation 
of a target gas mixture. . In addition, the combination of SAIL and single crystal uptake 
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model was successfully able to replicate observations made using full PSA cycle 
optimizations. 
6.1.4 Chapter 5 – Impact of mass transfer on CO2 capture using amine-functionalized 
Mg2(dobpdc) MOF 
The amine functionalized form of the MOF Mg2(dobpdc) shows a stepped-isotherm 
behaviour that results in very high adsorption capacities even at low CO2 concentrations. 
The location of the step is very temperature sensitive resulting in high TSA swing 
capacities as well. Therefore, this group of materials is an ideal candidate for Direct Air 
capture (DAC) i.e. removing CO2 directly from the air. Despite strong interest, mass 
transfer properties remained an unknown aspect of these materials. Such knowledge is, 
however, crucial to its implementation in a practical system. 
 CO2 breakthrough experiments were carried out at various flow rates and 
concentrations by a collaborator. The concentrations studies included both ultra-dilute (400 
ppm) and dilute (1%) CO2 in the feed. Breakthrough simulations using simple linear 
driving force model (LDF) and the isotherm parameters predicted a dual-shock 
breakthrough with the location of the step dependant only on the location of the pressure 
step in the isotherm at the operating temperature. However, in practice, these steps were 
shown to be dependent on feed velocity especially at 400 ppm CO2, corresponding to DAC. 
The breakthrough curves however qualitatively looked similar to theoretical predictions.  
Using a co-operative insertion model to describe mass transfer following the step 
change in isotherm was able to capture the observed system dynamics very well.  The 
Avrami model, which is frequently used in crystallization theory, was well suited at low 
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CO2 concentrations of 400 ppm while, at higher feed concentrations, a model similar to 
Michaelis-Menten used to describe enzyme kinetics was found to be more appropriate.  We 
were therefore able to conclude that, the co-operative insertion mechanism which results 
in the highly-desirable stepped isotherm for MMEN-Mg2(dobpdc) also severely impacts 
system kinetics. The impact in kinetics is negative since it leads to a widely-dispersed 
breakthrough profile which results in a much lower CO2 capture fraction in the bed. 
6.2 Future Work 
6.2.1 Use of hollow fiber bed for kinetic separation  
While use of structured contactors for equilibrium-based separations has been 
widely studied, the same is not true for kinetically limited separations. The limiting mass 
transfer in this case is the crystalline or micropore resistance as opposed to the macropore 
mass transfer. Major advantages of using structured contactors are reduction inexternal 
mass transfer resistance, improvement in pressure drop characteristics (allowing for higher 
velocity of feed) and improvement in heat transfer co-efficient. On the other hand, the 
hollow fiber bed has a lower volume of adsorbent due to the presence of the bore. While 
reduction in macropore diffusion length is not expected to affect kinetic separation in 
anyway, it is expected to be that the improvement in heat transfer and the velocity profile 
might still offer advantages in terms of productivity when the hollow fiber bed is used for 
kinetic separation. Future work can use the approach described in Chapter 2 to elucidate 
the impact of contactor design on kinetic separation. 
6.2.2 Kinetic separation – use of more rigorous isotherm parameters, SAIL on full PSA 
cycle 
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Chapter 4 used SAIL on crystal uptake models to show the impact of isotherm 
parameters on the maximum improvement in kinetic selectivity. However, another 
important aspect of crystal uptake is the duration of time for which the supra-equilibrium 
selectivity is active. Constructing a metric to connect other measures of the shape of the 
crystal uptake curve to PSA separation performance could yield a metric that has a tighter 
correlation with PSA bed performance.   The simple crystal model showed a dependence 
of kinetic separation performance on the original equilibrium selectivity of the material. 
This was not verified using the full PSA model. Running SAIL on the full PSA model 
might provide more direct insight into this behaviour. 
While literature data was used to fix the ranges of the different materials property 
parameters, ranking of materials reported in literature based on the criteria established in 
our study has not been attempted. Further analysis in this direction will add to the 
understanding that has been developed in the current study on comparing performance of 
two different materials on their kinetic separation potential.  
6.2.3 Design of PSA cycle for CO2 capture using Mg2(dobpdc) 
While the analysis in Chapter 5 detailed an underlying model that can accurately 
capture kinetics of CO2 capture, it also showed that the breakthrough characteristics 
especially at low CO2 concentrations and high velocities were unfavourable when 
compared to the typical diffusion limited adsorbents. Further investigation of how 
characteristics of the PSA cycle such as changing bed length, time steps for adsorption/ 
desorption etc, might be adjusted to improve performance of this particular material. 
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Additionally, the mass transfer model used (Avrami) is empirical and has no direct 
physical basis. Attempts to understand kinetics of this process at a more fundamental level 
might result in a model which has a physical basis and can extrapolate experimental results 
with more confidence. Further, this model has not been tested on desorption curves for bed 
breakthrough. Understanding how the co-operative insertion mechanism impacts 
desorption is of primary interest if a PSA cycle is to be designed.  It will be important to 
see whether the empirical model is still able to capture dynamics, or whether it fails to 
capture the physics of desorption sufficiently to enable useful predictions.  
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APPENDIX A. SUPPORTING INFORMATION FOR CHAPTER 1 
In this section we describe some basic concepts that are essential in assessing 
separation potential of an adsorbent material. 
A.1 Breakthrough Curves 
Usually the adsorbent crystals (~μm dimensions) are formed into relatively larger 
particles (~mm dimensions) which are then packed into a bed. The fluid mixture is then 
passed continuously through the bed while the bed has the capacity to adsorb one of the 
components. The bed concentration profiles in the fluid and the solid phase continuously 
change with time as well as position, even if the process is operating at the “cyclic steady 
state”. Initially the concentration of the strongly adsorbed component drops to zero 
exponentially, with distance from the inlet, as all the molecules are transferred to the solid 
phase in a small portion of the bed. After some time the front of the bed becomes saturated 
and the concentration profile move down the length of the bed. The position at which the 
components are being transferred from the fluid to the solid is known as the “mass-transfer 
zone”.  
Information about these concentration profiles is obtained by monitoring the 
concentration of the gas coming out from the outlet of the bed at different times, known as 
the breakthrough curve. The outlet gas concentration begins to rise from zero as more of 
the bed becomes saturated. The flow of the gas to the bed is stopped and regeneration 
started once the gas concentration in the outlet reaches a threshold, typically 5-10% of the 
original concentration at the inlet. Figure A-1 (a) shows the concentration profiles in the 
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fluid phase at different times and (b) shows the breakthrough curve for the same bed. The 
feed flow is stopped at t*. C0 is the concentration at the inlet. 
 
Figure A-1 - : (a) Fluid-phase concentration profiles along the bed length shown for 
4 different times. (b) Breakthrough curve for the same bed. 25 
A.2 Non-idealities due to mass and heat transfer 
For an ideal breakthrough curve, the concentration of the solid throughout the bed 
would have reached the equilibrium value w.r.t the inlet concentration and, the 
breakthrough curve will be a vertical line at t*. The fluid has to move from the gas phase 
into the pores of the adsorbent particles and further into the adsorption surfaces inside the 
crystal pores. The kinetics of this transfer of mass determines how close to ideal the 
breakthrough curve will be and how efficiently the bed will be utilized. Figure A-2 shows 
the shapes of the breakthrough curves for a “fast” and “slow” mass transfer respectively, 
for the same bed length. 
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Figure A-2 Breakthrough curves for (a) fast mass transfer (b) slow mass transfer 
[25] 
Non-idealities are also the result of accumulation of ∆Hads which leads to an 
increase in temperature of the bed and consequently, a decrease in the equilibrium capacity 
of the adsorbent. The effectiveness with which heat can be removed from the “mass-




APPENDIX B.  SUPPORTING INFORMATION FOR CHAPTER 2 
B.1 Supplementary Tables 
Table B-1 - Isotherm parameters for the DSL model and Henry’s law 
constants 





qA,sat  , mol/kg  
qb,sat , mol/kg   
∆Hads , J/mol 
∆HA , J/mol 
∆HB , J/mol 




















Table B-2 - Properties of the adsorption bed and the adsorbent solid phase 
Packed Bed Hollow Fiber Bed 
Rp ,m  0.8×10
-3 
Rpore , µm    0.17 
εp   0.39 
τ  2.2 
Rc , µm  1 
ROD ,m  0.653×10-3 
RID ,m     0.275×10-3 
εf    0.48 
τf   2.5 
Rpore , µm  0.17 
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Table B-2 continued 
Cps , J/kg.K 920 
ε               0.32      
ρp , kg/m3 1072 
ρb , kg/m
3  690       
ρw , kg/m
3  8238  
Cp,w , J/kg.K  500 
hw , W/m
2.K 60 
U , W/m2.K 30 
tw , m   3×10
-3  
 
Rc , µm  1 
ρf ,kg/m
3  802  
wf      0.6 
λf, W/m.K 0.05  
Cpf , J/kg.K 1142.4 
vfib   0.68  
Cp,bf , J/kg.K 4178 
hbf , W/m
2.K   7268 
ρbf ,kg/m
3 1000 
Table B-3 - Correlations for transport parameters and physical properties of 
gases 
Packed Bed Hollow Fiber Bed 
Molecular Diffusivity: The diffusivity of pure components were calculated using the 
Chapman-Enskog equation  
𝐷𝑚𝑜𝑙,𝑖 = 10







where P is in bar, Dmol,i is in m
2/s, σi (Å) and ωi are the characteristic Lenard Jones length 
and energy of each component. 
  Knudsen Diffusivity:  Kauzmann correlation  









Table B-3 continued 













[𝐷𝑝,𝑝𝑟𝑜𝑝𝑎𝑛𝑒 ∶ 3.27 × 10
−6 𝑚2/𝑠 ;   𝐷𝑝,𝑝𝑟𝑜𝑝𝑦𝑙𝑒𝑛𝑒:  3.41 × 10
−6 𝑚2/𝑠 are typical values] 
Axial Mass and Heat Dispersion 
Coefficients: 
Wakao ansd Funazkri correlations 20 




𝜆 =  (7 +  0.5𝑃𝑟𝑅𝑒) 𝐾𝑚𝑖𝑥     
 
where 
𝑅𝑒 =  
𝜌𝑔𝑣𝑎𝑑𝑠2𝑅𝑝
𝜇𝑔
,    𝑆𝑐𝑖 =  
𝜇𝑔
𝜌𝑔𝐷𝑚𝑜𝑙,𝑖
,     





   (𝑐𝑝,𝑇 𝑖𝑛 𝐽/𝑚𝑜𝑙  ) ,  
𝐾𝑚𝑖𝑥  = ∑ 𝑦𝑖𝐾𝑐𝑜𝑛𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦,𝑖𝑖        
Convective Mass and Heat Transfer 
Coefficients: 
𝑘𝑔,𝑖 =  𝑆ℎ𝑖
𝐷𝑚𝑜𝑙,𝑖
2𝑅𝑝
  ,  





Axial Mass and Heat Dispersion 
Coefficients: 
(approximated using the Wakao and 
Funazkri correlation; found to have little 
impact in the regime of operation) 




𝜆 =  (7 +  0.5𝑃𝑟𝑅𝑒) 𝐾𝑚𝑖𝑥  
where 
𝑅𝑒 =  
𝜌𝑔𝑢𝑔02𝑟𝑓𝑠
𝜇𝑔
,    𝑆𝑐𝑖 =
𝜇𝑔
𝜌𝑔𝐷𝑚𝑜𝑙,𝑖






     (𝑐𝑝,𝑇 𝑖𝑛 𝐽/𝑚𝑜𝑙  )   
𝐾𝑚𝑖𝑥  = ∑ 𝑦𝑖𝐾𝑐𝑜𝑛𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦,𝑖𝑖       
Convective Mass and Heat Transfer 
Coefficients: 
𝑘𝑔,𝑖 =  𝑆ℎ𝑖
𝐷𝑚𝑜𝑙,𝑖
2𝑅ℎ𝑦𝑑





  ℎ𝑓    =  𝑁𝑢
𝐾𝑚𝑖𝑥
2𝑅ℎ𝑦𝑑
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Table B-3 continued 
Wakao Correlations 20 




𝑁𝑢    =  2 +  1.1𝑅𝑒0.6𝑃𝑟0.33  
 
Asimakapolou correlations 21 






     







Crystal Diffusivity 12 : 𝐷𝑐,𝑖  =  𝐷𝑐0,𝐴,𝑖𝑒𝑥𝑝 (−
𝐸𝐴,𝑖
𝑅𝑇𝑔
) +  𝐷𝑐0,𝐵,𝑖𝑒𝑥𝑝 (−
𝐸𝐵,𝑖
𝑅𝑇𝑔
)    
[𝐷𝑐,𝑝𝑟𝑜𝑝𝑎𝑛𝑒 ∶ 3.35 × 10
−11 𝑚2/𝑠 ;   𝐷𝑐,𝑝𝑟𝑜𝑝𝑦𝑙𝑒𝑛𝑒:  5.53 × 10
−12 𝑚2/𝑠 are typical values 
at T = 373 K 
Density : 𝜌𝑔  =  
𝑃𝑡𝑜𝑡
𝑅𝑇𝑔
∑ 𝑦𝑖𝑀𝑊𝑖𝑖   
The 2-site crystal diffusivity model 12 provides an empirical prediction for crystal 
diffusivity (which was confirmed to fall within the range of values reported in literature).  
Table B-4: Property parameters for propylene, propane and inert gas helium 
 He C3H8 C3H6 




EA , J/mol 
EB , J/mol 
Cp , J/mol 
Cv , J/mol 























Table B-4 continued 















µg , Pa.s 1.53×10
-5 
 
B.2 Mass transfer coefficients 
1. Micropore Mass Transfer Coefficient 
The mass balance inside a single crystal is given by: (considering adsorbed phase to be 











) → 𝐀𝟏  
BCs in the radial domain: 𝑞 = 𝑞∗ 𝑎𝑡 𝑟 = 𝑅𝑐 ,                  
𝜕𝑞
𝜕𝑟
= 0 𝑎𝑡 𝑟 = 0 → 𝑨𝟐 






















Assuming a quadratic profile across the crystal radius:    𝑞(𝑟) = 𝐴 + 𝐵𝑟2 → 𝑨𝟑   










         → 𝑨𝟒  
























∗ − 𝑞𝑎𝑣𝑔,𝑖)  
2. Macropore Mass Transfer Coefficient 
The mass balance inside a single pellet at 
















)          → 𝑩𝟏    
𝜕𝑞𝑖
𝜕𝑡
= 0,  
 ∵ 𝐶𝑝𝑖𝑠 𝑡ℎ𝑒 𝑟𝑎𝑡𝑒 − 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑖𝑛𝑔 𝑝ℎ𝑎𝑠𝑒          
BCs in the radial domain:  
𝐶𝑝𝑖 = 𝐶𝑖𝑛𝑡𝑒𝑟𝑓𝑎𝑐𝑒𝑖  𝑎𝑡 𝑟 = 𝑅𝑝  
𝜕𝐶𝑝𝑖
𝜕𝑟
= 0 𝑎𝑡 𝑟 = 0 → 𝑩𝟐  






















Assuming a quadratic profile across the 
crystal radius:    𝐶𝑝(𝑟) = 𝐴1 + 𝐵1𝑟
2 → 𝑩𝟑   
2. Macropore Mass Transfer Coefficient 
The mass balance inside a single fiber at 
















)          → 𝑩𝟏  
𝜕𝑞
𝜕𝑡
= 0,     
∵ 𝐶𝑝𝑖𝑠 𝑡ℎ𝑒 𝑟𝑎𝑡𝑒 − 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑖𝑛𝑔 𝑝ℎ𝑎𝑠𝑒          
 BCs in the radial domain:  
𝐶𝑝𝑖 = 𝐶𝑖𝑛𝑡𝑒𝑟𝑓𝑎𝑐𝑒𝑖  𝑎𝑡 𝑟 = 𝑅𝑂𝐷  
𝜕𝐶𝑝𝑖
𝜕𝑟
= 0 𝑎𝑡 𝑟 = 𝑅𝐼𝐷 → 𝑩𝟐  

























Integrating B3 over crystal volume: 




2          → 𝑩𝟒   
 
























2  (𝐶𝑖𝑛𝑡𝑒𝑟𝑓𝑎𝑐𝑒𝑖 − 𝐶𝑝𝑎𝑣𝑔,𝑖) 
 
Assuming a quadratic profile across the 
crystal radius:    𝐶𝑝(𝑟) = 𝐴1 + 𝐵1𝑟
2 → 𝑩𝟑   
Integrating B3 over crystal volume: 





2 )          →
𝑩𝟒   
 






























3. Gas to Pellet Phase Biot No. 




2 𝜀𝑝(𝐶𝑖𝑛𝑡𝑒𝑟𝑓𝑎𝑐𝑒 −  𝐶𝑝)    
               → 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑣𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑝𝑒𝑙𝑙𝑒𝑡   
3. Gas to Fiber Phase Biot No. 







2 𝜀𝑓(𝐶𝑖𝑛𝑡𝑒𝑟𝑓𝑎𝑐𝑒 − 𝐶𝑝)    
               → 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑣𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑓𝑖𝑏𝑒𝑟    
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𝐵𝑖(𝐶𝑔 − 𝐶𝑖𝑛𝑡𝑒𝑟𝑓𝑎𝑐𝑒) = (𝐶𝑖𝑛𝑡𝑒𝑟𝑓𝑎𝑐𝑒 − 𝐶𝑝) ,                              𝐶𝑖𝑛𝑡𝑒𝑟𝑓𝑎𝑐𝑒 =  
𝐵𝑖 𝐶𝑔+𝐶𝑝
1+𝐵𝑖
   











B.3 Property parameters 
1. 𝜌𝑝 → weight of adsorbent/volume pellet = 1072 kg/m
3 
Pellet volume = pores (0.39) + crystals (0.61) 
𝜌𝑝 = 𝜌𝑐𝑟𝑦𝑠𝑡𝑎𝑙 × 0.61 → 𝜌𝑐𝑟𝑦𝑠𝑡𝑎𝑙 =
1072
0.61
=  1757 kg/m3  
 
2. 𝜌𝑓𝑖𝑏𝑒𝑟 → weight of adsorbent/volume of the fiber 
Fiber volume = pores + crystals + cellulose acetate  
(𝑙𝑜𝑎𝑑𝑖𝑛𝑔 𝑜𝑓 𝑐𝑟𝑦𝑠𝑡𝑎𝑙𝑠 =  60 𝑤𝑡% 𝑎𝑛𝑑 𝑓𝑖𝑏𝑒𝑟 𝑝𝑜𝑟𝑜𝑠𝑖𝑡𝑦 =  0.48)  













= 0.53  
𝜌𝑠𝑜𝑙𝑖𝑑 = 0.53𝜌𝑐𝑟𝑦𝑠𝑡𝑎𝑙 + 0.47𝜌𝐶𝐴 = 1542 𝑘𝑔/𝑚
3  
𝜌𝑓𝑖𝑏 = (1 − 𝜀𝑓)𝜌𝑠𝑜𝑙𝑖𝑑 = 802 𝑘𝑔/𝑚
3  
 
3. Packed Bed: 𝐶𝑃𝑠 = 920 𝐽/𝑘𝑔𝐾 
  = 0.39, 𝜌𝑠 = 1757 𝑘𝑔/𝑚
3, 𝜌𝑔𝑎𝑠 = 1 𝑘𝑔/𝑚
3 
Cpgas  =  1000 𝐽/𝑘𝑔 𝐾  , kgas = 0.024 W/m K  
1072 ∗ 920 =  (0.61)1757𝑥 +  0.39 ∗ 1 ∗ 1000 =  920 𝐽/𝑘𝑔𝐾  
 
4. Mixed 




∗ (0.48 ∗ 1 ∗ 1000 + 0.52 ∗ (0.53 ∗ 1757 ∗ 920 + 0.47 ∗ 1300 ∗
1480))  
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APPENDIX C. SUPPORTING INFORMATION FOR CHAPTER 3 
C.1 Geometry Optimization for the Modelled Materials 
Table C-1 - Lattice constants for 12 optimized M-BTCs computed with PBE-D3 
M-BTCs 
Lattice constant (Å) 
a b c 
Mg (d0) 18.84 18.87 18.86 
Ti (d2) 18.91 18.93 18.92 
V (d3) 19.04 19.01 19.04 
Cr (d4) 18.97 18.99 18.99 
Mo (d4) 18.91 18.93 18.93 
Mn (d5) 19.12 19.14 19.14 
Fe (d6) 18.96 18.93 18.93 
Ru (d6) 19.06 19.07 19.07 
Co (d7) 18.90 18.86 18.88 
Ni (d8) 18.58 18.62 18.61 
Cu (d9) 18.69 18.71 18.70 
Zn (d10) 18.91 18.93 18.93 
 
Table C-2 - Lattice constants for 11 optimized MM’-BTCs computed with PBE-D3 
MM’-BTCs 
Lattice constant (Å) 
a b c 
Cr-Mo-BTC 19.20 19.21 19.21 
Cr-Cu-BTC 18.84 18.85 18.85 
Cr-Ru-BTC 19.04 19.05 19.06 
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Cr-Mg-BTC 18.90 18.92 18.92 
Cr-Mn-BTC 19.06 19.07 19.07 
Cr-Zn-BTC 18.95 18.97 18.97 
Cu-Zn-BTC 18.69 18.71 18.70 
Cu-Mg-BTC 18.78 18.80 18.79 
Fe-Mg-BTC 18.89 18.91 18.91 
Ti-Mo-BTC 19.22 19.22 19.22 
Cr-Mo-BTC 19.20 19.21 19.21 
C.2 Adsorption Equilibrium Constant at OMS: 𝐊𝐨𝐦𝐬
𝐀(𝐁)
 






𝑅𝑇 ≈ 𝑏0 ∗ 𝑒
𝐵.𝐸.
𝑅𝑇  (C1) 
where 𝑏0, adsorption affinity parameter, is defined by 
𝑄𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑑
𝑄𝑔𝑎𝑠
. 𝑄𝑔𝑎𝑠 and 𝑄𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑑 
are the partition functions of the adsorbing species in the gas phase and the adsorbed phase, 
respectively. 𝑄𝑔𝑎𝑠 and 𝑄𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑑 can be calculated with the following method. 
C.2.1 Partition function in the gas phase: 𝑄𝑔𝑎𝑠 
𝑄𝑔𝑎𝑠 takes all possible degrees of freedom (vibration, translation, and rotation) into 
account and is defined by 
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 𝑄𝑔𝑎𝑠 = 𝑄𝑣𝑖𝑏 ∗ 𝑄𝑟𝑜𝑡 ∗ 𝑄𝑡𝑟𝑎𝑛𝑠 (𝑖𝑛 𝑡ℎ𝑒 𝑔𝑎𝑠 𝑝ℎ𝑎𝑠𝑒) (C2) 
where 𝑄𝑣𝑖𝑏 , 𝑄𝑟𝑜𝑡, 𝑎𝑛𝑑 𝑄𝑡𝑟𝑎𝑛𝑠 are defined by 





















𝒌⁄  , which has units of temperature, is referred as the 
vibrational temperature; 𝝈, symmetry number, is equal to 4 and 6 for ethylene and 
ethane;  𝜽𝒙, 𝜽𝒚, 𝒂𝒏𝒅 𝜽𝒛 are rotational temperatures; 𝒉 and 𝒌 are the Planck and 
Boltzmann constants, respectively. The specific values of rotational constants and 
partition function of ethylene and ethane are listed in the following Table C-3 and  
 
Table C-4. 
Table C-3 - Rotational constants of ethylene and ethane in the gas phase 
Rotational constants (cm-1) C2H4 C2H6 
A 4.83 2.52 
B 1.00 0.68 





Table C-4 - Partition function of ethylene and ethane in the gas phase 
Partition Function C2H4 C2H6 
𝑄𝑔𝑎𝑠_𝑣𝑖𝑏 1.08 1.51 
𝑄𝑔𝑎𝑠_𝑟𝑜𝑡 743.79 1371.86 
𝑄𝑔𝑎𝑠_𝑡𝑟𝑎𝑛𝑠 7199612.45 7984614.52 
𝑄𝑔𝑎𝑠 5804023185 5986803878 
C.2.2 Partition function in the adsorbed phase: 𝑄𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑑 
𝑄𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑑 is calculated from the discrete vibrational energy levels that consider the 
adsorbed molecules are characterized as bound system. In the adsorbed phase, the freedom 
of translation and rotation for the adsorbed molecules are constrained. The hindered motion 
of translation and rotation can be approximated by harmonic vibrations of the adsorbed 
molecule relative to the surface, which is perfect for ethylene adsorbed at OMS. However, 
for the adsorption of ethane at OMS, the harmonic approximation of translation and 
rotation is too constrained. Sauer and coworkers pointed out the rotational energy levels of 
CH4 are very similar to those of the gas phase.
1 Therefore, in this chapter, for 𝑄𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑑 of 
ethane at OMS, the gas-phase rotational partition function was used for the rotation term 
in the adsorbed ethane phase instead of harmonic oscillator.  






C.2.3 DFT calculations for vibrational frequencies 
DFT has become a popular approach for the calculation of vibrational frequencies, 
which was facilitated by analytical second-derivative techniques.2-3 For the general set-up, 
the electronic minimization algorithm selected a robust mixture of the Davidson and 
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RMM-DIIS algorithms. Energy cutoff was set as 520 eV. The break condition for the 
electronic self-consistency loop was 10-6. For the dynamic set-up, the Hessian matrix of 
the second derivatives of the energy concerning the atomic positions was determined, and 
the vibrational frequencies were calculated. To calculate the Hessian matrix, we selected 
the central difference to determine the number of ionic displacements and selected 0.015 
as the step size for displacements. The vibrational frequencies are calculated only for the 
adsorbed molecules and their motions relative to the adsorbed surface (partial Hessian). To 
save the computational cost during the frequency calculation of ethylene and ethane in M-
BTCs, we fixed the atomic positions of MOFs and only relaxed the adsorbed molecules. 
The step size of displacement was carefully tuned to avoid unphysical imaginary 
frequencies in the optimized structures.  
C.2.4 The calculations for vibrational frequencies and 𝑏0 for all metal centers 
fter obtaining frequencies without imaginary values, the 𝑏0 for ethylene and ethane 
at OMS was calculated, then 𝐾𝑜𝑚𝑠
𝐶2𝐻4 and  𝐾𝑜𝑚𝑠
𝐶2𝐻6  can be further calculated in Cu-BTC. The 
same procedure was followed to calculate 𝑏0 at OMS in other M-BTCs to explore other 
metal species. Because the difficulty of eliminating the imaginary frequencies, only five 
𝑏0 pairs of ethylene and ethane at OMS were obtained in M-BTCs, which are listed in the 
Table C-5 and Table C-6. Since 
𝑏0_𝑚𝑎𝑥
𝑏0_𝑚𝑖𝑛
< 50, the correlation shown in Figure C.1 was used 
to obtain 𝑏0 values for other M-BTCs. The derived correlation of 𝑏0 for ethylene at OMS 
is a function of the binding energy (B.E.) at the metal sites. The functions are written below 
and the calculated 𝑏0 is shown in Table C-7. 
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 𝑏0𝐶2𝐻4 ≈ 10
𝑏 (C7) 
 





− 7.36) − 5.64 ∗ w; (C8) 
 and with: w = 1 (1 + 𝑒5∗(𝐵.𝐸.−40.4))⁄
 (C9) 
The same case for ethane and the derived correlation functions of 𝑏0 at OMS are 
written below with the calculated 𝑏0 for M-BTCs in Table C-8:  
 𝑏0𝐶2𝐻6 ≈ 10
(−3.38−0.033∗𝐵.𝐸.)  (C10) 
 
Figure C-1 - 𝒃𝟎 correlation of binding energy for ethylene and ethane in 12 metal 





Table C-5 - Binding energy and calculated 𝒃𝟎 of ethylene at OMS for five M-BTCs 
 
Metals Cu Cr Ni Ru Co 
𝐵. 𝐸.𝑜𝑚𝑠
𝐶2𝐻4 40 42 51 52 67 
𝑏𝑜,𝑜𝑚𝑠
𝐶2𝐻4  (calculated) 9.00E-07 1.10E-07 5.42E-08 3.60E-08 4.28E-08 
Table C-6 - Binding energy and calculated 𝒃𝟎 of ethane at OMS for five M-BTCs 
 
Metals Mo Cr Cu Zn Mg 
𝐵. 𝐸.𝑜𝑚𝑠
𝐶2𝐻6 21 22 24 38 41 
𝑏𝑜,𝑜𝑚𝑠
𝐶2𝐻6     (calculated) 9.20E-05 8.56E-05 5.84E-05 3.62E-05 1.44E-05 
Table C-7 - Calculated binding energy and fitted 𝒃𝟎 of ethylene at OMS for M-
BTCs 
Metals Mg Ti V Mo Mn Fe Zn 
𝐵. 𝐸.𝑜𝑚𝑠




4.37E-08 4.40E-08 4.38E-08 2.28E-06 4.37E-08 4.37E-08 4.37E-08 
Table C-8 - Calculated binding energy and fitted 𝐛𝟎 of ethane at OMS for M-BTCs 
 
Metals Ni Ti V Co Mn Fe Ru 
𝐵. 𝐸.𝑜𝑚𝑠



















C.3 Adsorption Equilibrium Constant at Physisorption Site: 𝐊𝐩𝐡𝐲
𝐀(𝐁)
 
The approach of deriving 𝐾𝑝ℎ𝑦 is to fit with experimental adsorption data. Taking 
the fitting of ethylene as an example, since not all OMS are available in practical 
experiment, 𝑛𝑜𝑚𝑠
𝐶2𝐻4 is treated as unknown, while 𝐾𝑜𝑚𝑠
𝐶2𝐻4 and 𝑛𝑝ℎ𝑦
𝐶2𝐻4 were known variables. 
The two unknown variables 𝐾𝑝ℎ𝑦
𝐶2𝐻4 and 𝑛𝑜𝑚𝑠
𝐶2𝐻4  could be obtained by fitting with Jorge’s 














The same procedure was followed to compute parameters for ethane. All the 
parameters of ethylene and ethane are listed in the Table C-9. 
 
Figure C-2 - Comparison between model fitting (lines) and experimental adsorption 
isotherms (points) for ethylene (left) and ethane (right) on CuBTC at 323K (red), 
348K (blue), and 373K (cyan).  
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323 3.049 1.597 0.986 5.637 0.801 0.991 
348 2.254 0.965 0.998 5.259 0.430 0.995 
373 1.958 0.528 0.999 4.780 0.231 0.999 
C.4 Equations for Full Model 
C.4.1 Hollow Fiber Bed Model 
Table C-10 - Model Equations used to simulate the hollow fiber bed 
adsorption processes 
Hollow Fiber Bed 
Units: Concentrations: mol/m3 , Pressure: bar, time: sec, velocity: m/s, Temperature: K 
Mass Balance Equations: 
i. Bulk Gas Phase 
𝜕𝐶𝑔𝑖
𝜕𝑡

















ii. Macropore Gas Phase 
𝜕𝐶𝑝𝑖
𝜕𝑡













∗ − 𝑞𝑖)  
where 
𝑢𝑔𝑖  =  
𝑄𝑣𝑜𝑙
𝐴𝑟𝑒𝑎
, 𝐴𝑟𝑒𝑎 = 𝜋𝑅𝑏𝑒𝑑
2(1 − 𝑣𝑓𝑖𝑏),      
𝑣𝑓𝑖𝑏𝜋𝑟𝑓𝑠
2 = 𝜋𝑅𝑂𝐷





Table C-10 continued 
Mass Transfer Coefficients: 

























2    
Ideal Gas Equation: 
 𝑝𝑖 =  𝐶𝑔𝑖𝑅𝑇𝑔, 𝑃𝑡𝑜𝑡 =  ∑ 𝑝𝑖 , 𝐶𝑔,𝑡𝑜𝑡  =  ∑ 𝐶𝑔𝑖 ,   𝐶𝑝,𝑡𝑜𝑡  =  ∑ 𝐶𝑝𝑖   





















   
Heat Balance Equations: 
𝑐𝑝,𝑇  =  ∑ 𝑦𝑖𝑐𝑝,𝑖𝑖 , 𝑐𝑣,𝑇  =  ∑ 𝑦𝑖𝑐𝑣,𝑖𝑖   

















]   
− (𝑟𝑂𝐷
2 − 𝑟𝐼𝐷
2 )𝑎 ℎ𝑓(𝑇𝑔 − 𝑇𝑓) 
ii. Fiber 






+  𝑎 ℎ𝑓(𝑇𝑔 − 𝑇𝑓) +
 𝜌𝑓 ∑ (−∆𝐻𝑎𝑑𝑠,𝑖
𝜕𝑞𝑖
𝜕𝑡




2   
iii.  Bore Fluid 









ℎ𝑏𝑓(𝑇𝑓 − 𝑇𝑏𝑓)   
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C.4.2 Boundary Conditions 
Table C-11 - Boundary conditions for the 4-step single bed VPSA process 
Units: Concentrations: mol/m3, Pressure: bar, time: sec, velocity: m/s, Temperature: K 






=  𝑢𝑔𝐶𝑝,𝑇 |0+


















 =  0   













=  𝑢𝑔𝐶𝑝,𝑇 |0+


















 =  0   



























 =  0   
𝑢𝑔0+
 =  0;      𝑃𝑡𝑜𝑡|𝑧=𝐿−  =  𝑃𝑡𝑜𝑡|𝑧=𝐿−
0  −  (𝑃𝑡𝑜𝑡|𝑧=𝐿−
0 − 𝑃𝑖𝑛𝑡𝑒𝑟)(1 − 𝑒𝑥𝑝(−𝑀𝑏𝑡))   
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 =  0   
𝑃𝑡𝑜𝑡|𝑧=0+  =  𝑃𝑡𝑜𝑡|𝑧=0+
0  −  (𝑃𝑡𝑜𝑡|𝑧=0+
0 − 𝑃𝑑𝑒𝑠)(1 − 𝑒𝑥𝑝(−𝑀𝑏𝑡))         𝑢𝑔𝐿−
 =  0; 
C.4.3 Correlations for transport parameters and physical properties of gases 
Table C-12 - Equations used to determine heat and mass transfer co-
efficients and physical properties of ethylene and ethane  
Molecular Diffusivity: The diffusivity of pure components were calculated using the 
Chapman-Enskog equation  
𝐷𝑚𝑜𝑙,𝑖 = 10







where P is in bar, Dmol,i is in m
2/s, σi (Å) and ωi are the characteristic Lenard Jones length 
and energy of each component. 
  Knudsen Diffusivity:  Kauzmann correlation  




















Axial Mass and Heat Dispersion Coefficients: 
(approximated using the Wakao and Funazkri correlation; found to have little impact in 
the regime of operation) 








Table C-12 continued 
where 
𝑅𝑒 =  
𝜌𝑔𝑢𝑔02𝑟𝑓𝑠
𝜇𝑔
,    𝑆𝑐𝑖 =
𝜇𝑔
𝜌𝑔𝐷𝑚𝑜𝑙,𝑖





     (𝑐𝑝,𝑇 𝑖𝑛 𝐽/𝑚𝑜𝑙  )   
𝐾𝑚𝑖𝑥  = ∑ 𝑦𝑖𝐾𝑐𝑜𝑛𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦,𝑖𝑖       
  
Convective Mass and Heat Transfer Coefficients: 
𝑘𝑔,𝑖 =  𝑆ℎ𝑖
𝐷𝑚𝑜𝑙,𝑖
2𝑅ℎ𝑦𝑑





  ℎ𝑓    =  𝑁𝑢
𝐾𝑚𝑖𝑥
2𝑅ℎ𝑦𝑑
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Crystal Diffusivity 12 : 𝐷𝑐,𝑖  =  𝐷𝑐0,𝐴,𝑖𝑒𝑥𝑝 (−
𝐸𝐴,𝑖
𝑅𝑇𝑔
) +  𝐷𝑐0,𝐵,𝑖𝑒𝑥𝑝 (−
𝐸𝐵,𝑖
𝑅𝑇𝑔
)    
Density : 𝜌𝑔  =  
𝑃𝑡𝑜𝑡
𝑅𝑇𝑔
∑ 𝑦𝑖𝑀𝑊𝑖𝑖   
The 2-site crystal diffusivity model 12 provides an empirical prediction for crystal 
diffusivity (which was confirmed to fall within the range of values reported in 
literature).  
C.4.4 Purity, Recovery, Productivity  
The following equations represent the calculated purity, recovery and productivity 






   100
out out
g g C H
evacuation





















g g C H
evacuation
C H in in





































C.4.5 Energy Consumption 
Following equations represent the energy consumed due to (i) heating feed from its 
starting temperature to the temperature of operation of the PSA cycle, (ii) compression of 
feed gas from ambient to the higher pressure of operation and (iii) depressurizing the bed 
to the intermediate and low pressures of the blowdown and evacuation step respectively 
, , ,( )feed g i p i g ads feed g
i compFeed in
Pressn
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  (C19) 
C.5 Equations for Simple Model 
C.5.1 Purity Estimate 
The following equation was used to approximate ethylene purity in the simplified 
model 
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C.5.2 Energy Estimate 
Equation (23) was used to estimate the energy consumed per unit mass of ethylene 
product generated by the TVSA cycle (in the simplified model). Equations (21) and (22) 
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C.6 Binding energies (kJ/mol) in 11 mixed-metal MM’-BTCs 
Table C-13 - Calculated binding energies in 11 mixed-metal MM’-BTCs. 
 
Cr-Mo-BTC C2H4 C2H6  Cr-Cu-BTC C2H4 C2H6 
Cr-BTC 42.0 21.9  Cr-BTC 42.0 21.9 
Cr @ Cr-Mo 42.8 23.4  Cr @ Cr-Cu 47.1 22.8 
Mo @ Cr-Mo 40.0 18.4  Cu @ Cr-Cu 45.6 26.6 
Mo-BTC 38.1 21.3            Cu-BTC 40.4 23.9 
 
Cr-Ru-BTC C2H4 C2H6  Cr-Fe-BTC C2H4 C2H6 
Cr-BTC 42.0 21.9  Cr-BTC 42.0 22.0 
Cr @ Cr-Ru 46.3 25.9  Cr @ Cr-Fe 37.3 19.2 
Ru @ Cr-Ru 46.9 23.4  Fe @ Cr-Fe 71.9 23.4 
Ru-BTC 52.0 22.5  Fe-BTC 64.0 23.0 
   
    
Cr-Mg-BTC C2H4 C2H6  Cr-Mn-BTC C2H4 C2H6 
Cr-BTC 42.0 22.0  Cr-BTC 42.0 22.0 
Cr @ Cr-Mg 40.1 20.0  Cr @ Cr-Mn 42.1 24.4 
Mg @ Cr-Mg 68.7 38.3  Mn @ Cr-Mn 68.8 33.6 
Mg-BTC 68.0 41.0  Mn-BTC 69.0 37.0 
    
   
Cr-Zn-BTC C2H4 C2H6  Cu-Zn-BTC C2H4 C2H6 
Cr-BTC 42.0 22.0  Cu-BTC 40.4 23.9 
Cr @ Cr-Zn 40.1 21.7  Cu @ Cu-Zn 44.3 27.0 
Zn @ Cr-Zn 75.3 26.4  Zn @ Cu-Zn 76.6 37.2 
Zn-BTC 79.0 38.0  Zn-BTC 79.0 38.0 
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Table C-13 continued    
   
Cu-Mg-BTC C2H4 C2H6  Fe-Mg-BTC C2H4 C2H6 
Cu-BTC 40.4 23.9  Fe-BTC 64.0 23.0 
Cu @ Cu-Mg 42.9 27.8  Fe @ Fe-Mg 53.5 23.8 
Mg @ Cu-Mg 69.3 44.6  Mg @ Fe-Mg 62.6 32.5 
Mg-BTC 68.0 41.0  Mg-BTC 68.0 41.0 
    
   
Ti-Mo-BTC C2H4 C2H6     
Ti-BTC 53.0 20.0     
Ti @ Ti-Mo 54.7 23.4     
Mo @ Ti-Mo 36.9 20.6     
Mo-BTC 38.1 21.3     
 
Figure C-3 - The binding energy of ethylene and ethane for Cr and Mg in mixed 
metal dimers of Cr-Mg-BTC and pure Cr-BTC and Mg-BTC. Mixed site binding 
energies, indicated by the star symbol, do not lie on the tie line between the pure Cr 






C.7 Parameter values used in Full Model 
Table C-14 - Properties of the adsorption bed and the adsorbent solid phase 
Hollow Fiber Bed 
ROD ,m  0.653×10
-3 
RID ,m     0.275×10
-3 
εf    0.48 
τf   2.5 
Rpore , µm  0.17 
Rc , µm  1 
ρf ,kg/m
3  802  
wf      0.6 
λf, W/m.K 0.05  
Cpf , J/kg.K 1142.4 
vfib   0.68  
Cp,bf , J/kg.K 4178 
hbf , W/m




Table C-15 -  Property parameters for ethylene, ethane 
 C2H4 C2H6 
Dc0A  , m
2/sec  
Dc0B , m
2/sec       
EA , J/mol 
EB , J/mol 
Cp , J/mol 
Cv , J/mol 
Cv,ads , J/mol 























µg , Pa.s  1.53×10




Table C-16 - Mass transfer coefficients in the packed bed and the hollow 
fiber bed for same interstitial bulk gas velocity (1.05 m/s) and same bed void 
fraction (0.32). The coefficients are calculated on the basis of a unit volume of the 
pellet (or hollow fiber) and the difference between the actual and the equilibrium 
adsorbed phase (q*) as the driving force 













k’gas 17.98 2.06 




Table C-17 - Heat transfer coefficients in the packed bed and the hollow fiber 
bed for same interstitial bulk gas velocity (1.05 m/s) and same bed void fraction 
(0.32). Units: (Watt/K) / (m3 of solid phase i.e. pellet or fiber. 
 ℎ𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑛𝑡−𝐻/𝐶 𝑚𝑒𝑑𝑖𝑢𝑚 ℎ𝑎𝑑𝑠𝑜𝑟𝑏𝑒𝑛𝑡−𝑔𝑎𝑠  𝒉𝒐𝒗𝒆𝒓𝒂𝒍𝒍 
 
W/m2. K  W/m3 . K W/m3 . K W/m3 . K 
 
Hollow Fiber Bed  
 
7,268 1.15 × 105 1.14 × 107  1.15 × 107 
C.8 Notation 
∆Hads,i heat of adsorption of 
component i (J/mol) 
Pr Prandtl no. 
a area to volume ratio, pellet or 
fiber (1/m) 
Ptot total pressure (bar) 
af,int internal surface area/ volume 
fo fiber (1/m) 
Ptot|z
0 pressure at position z at the 
beginning of respective 
step (bar) 
Bii Biot no. at the gas pellet (or 
fiber) interface 
PTVSA Purity of TVSA ethylene 
product 
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Cg,tot total bulk gas phase 
concentration (mol/m3) 
qi adsorbed phase 
concentration (mol/kg) 
Cgi bulk gas phase concentration 
(mol/m3) 
qi* equilibrium adsorbed phase 
concentration (mol/kg) 
Cp,bf heat capacity of bore fluid 
(J/kg/K) 
Qvol volumetric flow rate of gas 
(m3/s) 
Cp,bf heat capacity of fluid in the 
bore (J/kg/K) 
R ideal gas constant 
Cp,T total constant pressure heat 
capacity of gas (J/mol/K) 
Rbed radius of the bed, packed or 
hollow fiber (m) 
Cp,tot total pellet gas phase 
concentration (mol/m3) 
Rc radius of crystal (m) 
cpf heat capacity of fiber (J/kg/K) Re Reynold’s number. 
Cpi macropore gas phase 
concentration (mol/m3) 
rfs radius of Happel’s free 
surface (m) 
Cv,ads,i heat capacity of adsorbed 
phase (J/mol/K) 
Rhyd hydraulic radius of fiber 
(m) 
cv,i constant volume heat capacity 
of component i (J/mol/K) 
RID inner radius of a single 
fiber (m) 
Cv,T total constant volume heat 
capacity of gas (J/mol/K) 
ROD outer radius of a single 
fiber (m) 
Dax,i mass axial dispersion 
coefficient (m2/s) 




pre-exponential factors for 
crystal diffusivity (m2/s) 
Sci Schmidt no. 
Dc,i crystal diffusivity (m
2/s) Shi Sherwood no. 
Dfp,i macropore diffusivity inside 
fiber (m2/s) 
t time (sec) 
Dp,i macropore diffusivity inside 
pellet (m2/s) 
Tamb temperature of ambient (K) 
EA, ,
  EB,i activation energy for crystal 
diffusion (J/mol) 
Tbf bore fluid temperature (K) 
hbf film heat transfer coefficient 
between fiber and fluid in the 
bore (W/m2/K) 
Tf temperature of fiber (K) 
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hf Gas film heat transfer 
coefficient between gas and 
solid phase (W/m2/K) 
Tfeed temperature of feed (K) 
Kconductivity,i thermal conductivity of pure 
component i (W/m2.K) 
Tg gas temperature (K) 
kg,i gas film mass transfer 
coefficient (m/s) 
timecycle total time to complete 1 
cycle (sec) 
kgas,i , kmacro,i , 
kmicro,i, 
LDF mass transfer coefficients 
(1/sec) 
tstep-x total time required for step 
x (x = adsorption, 
blowdown etc) 
kgas,j LDF mass transfer coefficients 
(1/sec) 
ubf velocity of the bore fluid 
(m/s) 
Kmix thermal conductivity of gas 
mixture (W/m2.K) 
ug gas velocity (m/s) 
L length of the bed (m) vads velocity of the feed gas at 
inlet (m/s) 
Mp , Mb pseudo-valve coefficients 
during pressurization, 
blowdown 
vfib volume fraction of bed 
occupied by the fibers 
MWi molar weight of component i 
(kg/mole) 
ws weight fraction of 
adsorbent in the fiber 
Ni flux of species i being removed  
from bulk gas phase (per unit 
volume of bulk gas) 
xprod,i mole fraction of component 
i in product stream of the 
desaturation step 
nprod, nfeed number of moles yads,i mole fraction of component 
i in the inlet 
Nu Nusselt number yfeed,i mole fraction of component 
i in feed 
Pads , Pinter,  
Pdes 
adsorption and desorption 
pressure (bar) 
yi mole fraction 
Patm Atmospheric pressure (1 bar) z axial distance along 
column (m) 





C.8.1 Greek symbols 
 
µg viscosity of gas (Pa.s) λf thermal conductivity of fiber (W/m.K) 
γ ratio of specific heats ρbf density of bore fluid (kg/m
3) 
ε porosity of bed ρf total density of fiber (including fiber void 
volume) (kg/m3) 
εf porosity of fiber ρg density of gas (kg/m
3) 
η efficiency of compressor ρp total density of fiber (including pellet void 
volume) (kg/m3) 
λ axial heat dispersion 
(W/m.K) 




[1] Sillar, K.; Sauer, J., Ab Initio Prediction of Adsorption Isotherms for Small 
Molecules in Metal-Organic Frameworks: The Effect of Lateral Interactions for 
Methane/CPO-27-Mg. Journal of the American Chemical Society 2012, 134 (44), 
18354-18365. 
[2] Wong, M. W., Vibrational frequency prediction using density functional theory. 
Chem Phys Lett 1996, 256 (4-5), 391-399. 
[3] Shubina, T. E.; Hartnig, C.; Koper, M. T. M., Density functional theory study of 
the oxidation of CO by OH on Au(110) and Pt(111) surfaces. Physical Chemistry 
Chemical Physics 2004, 6 (16), 4215-4221. 
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APPENDIX D. SUPPORTING INFORMATION FOR CHAPTER 4 
D.1  Crystal Diffusion Model 
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D.1.2 Final form for dimensionless crystal model: 
 
If i = j then  el
1
=  +  -  B = -se  
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D.1.3 Boundary Conditions: 
































































D.2 Material property parameters 
D.2.1 Constant properties 
Table D-18 – Value of input material property parameters considered constant in 
analysis 
 Component 1 Component 2 
Ec  (kJ/mol) 16 22 
∆H  (kJ/mol) -37.8 -32 
qsat1 (mol/m
3 adsorbent crystal) 2640 
Dc1
0 (m/s2) 4.09×10-8 
 
D.3 MAP-Elites Algorithm description 
The algorithm begins with a random selection of genomes and determining their 
performance and features. Samples are placed into cells to the feature bin to which they 
belong based on these results. If multiple genomes map to the same bin, only the highest 
performer is retained. This is followed by repeated iterations of the following steps till 
termination criteria is satisfied (such as allowed computational resources or time). (1) From 
the current map a sample is randomly selected and mutated via mutation and/or crossover. 
(2) Features and performance of the offspring are evaluated. Suitable bins are determined 
based on these evaluations. The offspring is placed in the bin if it is unoccupied or out-
performs the previous occupant (in this case the previous occupant is discarded). A 
pseudocode for the algorithm is provided in Figure D-4.  
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Figure D-4  - Pseudocode for MAP-elites algorithm. 
 
D.4 SAIL Algorithm  
SAIL initiates by creating a Gaussian Process model from precisely evaluated 
samples, selected randomly from the genotype space x. The UCB estimate form the GP is 
then used as performance metric to run MAP-elites as described in the section above. An 
acquisition map is generated with maximizes the acquisition function in each bin of the 
feature space. Underlying predicted optimal genotype parameters, form a few randomly 
selected feature bins are precisely evaluated using the underlying system model. These 
evaluations are added to the GP estimate which is again used to generate an acquisition 
map.  A schematic representation of these steps is shown in Figure D-5Error! Reference 
source not found., for an example function.  The iterations are repeated till we run out of 
a user defined precise evaluation budget. The final iteration of SAIL used the mean (μ) 
instead of the UCB to run MAP-elites which results in the final prediction map of elite 
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values for each bin in the feature space.  If the feature functions are also complex, their 
mean value may be estimated using independent GP models for each. 
 
Figure D-5  - Schematic of a single iteration in the SAIL algorithm for an example 
function. (a) Indicates the initial samples selected randomly for precise evaluation of 
performance and features. (b) & (c) represents the mean and uncertainty predicted 
by fitting a Gaussian Process model to the precisely evaluated samples (d) 
represents the acquisition map generated by applying MAP-elites algorithm on the 
GP Upper Confidence Bound (UCB) estimate for performance. Random samples 
are selected from this map for precise evaluation and so the next iteration repeats 
the above steps. This continues till termination criteria. 
 










Where P0(i) are the hypothetical   pressures at which each component exerts the 
same modified spreading pressure (π). q0(i)  is the single component loading in equilibrium 
with P0(i). Integrating the above set of ODEs from an intial condition of P0(i) = 0, till the 
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xi is the loading fraction of each component, qtot are the total component loadings, 
and are known values. 
 
D.6 Analytical Jacobian 
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Figure D-6 - The solid lines indicate   calculated using competitive Langmuir 
isotherm, the open circles indicate exact   calculation using IAST calculations for 
Toth isotherms.   
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APPENDIX E.  SUPPORTING INFORMATION FOR CHAPTER 5 
E.1 Detailed isotherm model: 
The detailed isotherm model is presented in equations E1-E13. Parameter values 
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  
 (E1) 
The sigmoidal CO2 isotherm of MMEN-Mg2(dobpdc) is modeled using the method 
outlined by Hefti et al.1 with some modifications.  Total adsorption is sum of two 
adsorption mechanisms denoted by 1 *q  and 2 *q .  Adsorption of CO2 below the step 
partial pressure,
stepp  is represented by a modified Langmuir isotherm lowq . A combination 
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A smooth function ( )w  is used to switch between the low-pressure Sips and the 
high pressure Langmuir-Henry isotherms, shown here in equation E8.  Parameters in the 
isotherm are listed in Table E-1.  
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The temperature dependences of the affinity and heterogeneity parameters and the 
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E.2 Model for the mass transfer in the bed: 
Dimensionless numbers and corresponding equations are given by equations E14-
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Table E-1 - Parameters used to fit the experimental isotherms along with their 
temperature dependence. 
Parameter 
Values used in the 
simulation 
Parameter 
Values used in the 
simulation 
0T  313.5 K 0Uq  
75.27 10  /mol kg .
1mbar  
0p  0.80 /mol kg  1  
21.74 10  
Lq  28.25 /mol kg  stepH  -62.49 /kJ mol  
0Lb  
152.51 10  
1mbar  LH  70.74 /kJ mol  
0n  0.518 nH  1.35 /kJ mol  
Hq  3.46 /mol kg  HH  67.72 /kJ mol  
0Hb  
112.42 10  
1mbar  uH  18.67 /kJ mol  
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 0.6 0.332 1.1i iSh Re Sc   (E35) 














,knud iD  stands for Knudsen diffusion. 
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E.4 Estimation of the dispersion coefficient in the bed. 
Dispersion in the bed is modeled using the Wakao & Funazkri2 empirical 
correlation given by equation E30-E31.  
 




   (E47) 
 (7 0.5Pr Re) mixK    (E48) 
E.5 Breakthrough profiles at different flowrates 
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The linear driving force equation with a single LDF constant was used to predict 
breakthrough profiles at different flowrates. As shown in the Figure E-1, the same wave 
concentration was observed for all flowrates.  
 
Figure E-1 - Predicted breakthrough profiles at different flowrates using linear 




Table E-2 - Avrami rate constant and coefficient for different concentrations 
of CO2. 
2CO
p (mbar) Avrami rate constant, kA (s
-1) Avrami coefficient nA 
0.4 4.36    10-5 1.50 
1 3.80   10-4 1.55 
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10.02 4.22   10-3 1.75 
 
 
Figure E-2 - Predicted breakthrough profiles using the hybrid Avrami model (solid 
lines) vs Michaelis-Menten analogue model (dashed lines) at 1000 PPM (left) vs 
10020 PPM (right) feed concentrations. These results are simulated for a feed 
flowrate of 17.2 NmL/min.  
E.6 Effect of temperature on the breakthrough profile 
The CO2 adsorption profiles at temperatures of 23 °C, 49 °C, and 70 °C are 
presented in Figure E-3 for the flowrate of 17.2 NmL/min and 0.4 mBar partial pressure. 
As the Pstep is expected to be beyond 0.4 mBar for both 49 °C and 70 °C, a shockwave - 
dispersive wave - shock wave breakthrough profile was not observed. The breakthrough 
profile at 23 °C is hown only in the initial range to highlight the differences between the 
profiles at different temperatures.  
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Figure E-3 - CO2 Breakthrough profiles at 23 °C, 49 °C and 70 °C for the feed 
partial pressure of 0.4 mBar and a flowrate of 17.2 NmL/min. 
E.7 Thermal effects on the breakthrough profile 
To understand thermal effects, CO2 adsorption in packed bed adsorption was 
simulated under both adiabatic and near isothermal conditions in Figures E4-E6 for two 
different CO2 concentrations of 400 PPM and 5660 PPM. A small temperature (~0.6 °C) 
increase was predicted at 17.2 NmL/min feed with 400 PPM CO2 concentration for the 
case of adiabatic bed. This resulted in a slightly higher concentration of the dispersive wave 
in the breakthrough than the isothermal case. At 100 NmL/min, the temperature rise was 
smaller than at 17.2 NmL/min for the case of an adiabatic bed and the breakthrough profile 
was almost identical with the near isothermal case. A higher increase in the bed temperature 
(~7 °C) was predicted in case of 17.2 NmL/min feed at 5660 PPM CO2 concentration. This 
suggests that at higher concentrations, thermal effects are more prominent in this system.    
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Figure E-4 - Simulated thermal profile in the bed (left) and exit CO2 concentration 
as a function of time for feed with CO2 concentration of 400 PPM at 17.2 NmL/min. 
Red curve indicates an adiabatic bed while the black curve indicates a near 
isothermal bed.  
 
Figure E-5 - Simulated thermal profile in the bed (left) and exit CO2 concentration 
as a function of time for the CO2 feed concentration of 400 PPM at 100 NmL/min. 
Red curve indicates an adiabatic bed while the black curve indicates a near 
isothermal bed.  
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Figure E-6 - Thermal profile in the bed (left) and exit CO2 concentration as a 
function of time for feed CO2 concentration of 5660 PPM at 17.2 NmL/min. Red 
curve indicates an adiabatic bed while the black curve indicates a near isothermal 
bed. 
E.8 Effect of dead volume on the breakthrough profile. 
The deadtime of the system was measured using a helium tracer and was found to 
be less than 1 min for experimental conditions. Additionally, we simulated the effect of 
dead volume (1*bed volume vs 100*bed volume) on the spreading of the breakthrough for 
a CO2 concentration of 5660 PPM at 17.2 NmL/min flowrate (Figure E-7). The dead 
volume can be analyzed as a packed bed system with boundary conditions connecting 
before and after the bed. The overall system can be simulated as a series of packed bed 
systems using equations E32-E34. As shown in the figure, it can be seen that a significant 






 (Assumption: No pressure drop, isothermal dead volumes) 
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Figure E-7 - Breakthrough curves at different dead volumes. Solid line is without 
any dead volume, Hollow circles and triangles are for cases where the dead volume 
is equal to the bed volume and 100 times the bed volume, respectively.  Our analysis 
suggests that a significant spreading of the breakthrough curve is not observed for 
smaller dead volumes in the system.  
E.9 Notation 
∆Hads,i heat of adsorption of component 
i (J/mol) 
Ptot total pressure (mbar) 
a  area to volume ratio, pellet or 
fiber (1/m) 
Ptot|z
0 pressure at position z at the 
beginning of respective step 
(mbar) 
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Bii Biot no. at the gas pellet (or 
fiber) interface 
q1, q2 adsorbed phase concentration 
(mol/kg) 
Cgi  bulk gas phase concentration 
(mol/m3) 
qtotal equilibrium adsorbed phase 
concentration (mol/kg) 
Cpart,i macropore gas phase 
concentration (mol/m3) 
R ideal gas constant 
Dax,i mass axial dispersion 
coefficient (m2/s) 
Re Reynold’s number. 
Dp,i macropore diffusivity inside 
pellet (m2/s) 
Rp radius of pellet (m) 
mbar PaK   conversion factor for pressure 
(mbar to Pa) 
Sci Schmidt no. 
Km,i  
 
gas phase mass transfer 
coefficients (m/sec) 
 
Shi Sherwood no. 
Kmix thermal conductivity of gas 
mixture (W/m2.K) 
t time (sec) 
L length of the bed (m) Tg gas temperature (K) 
MWmix molar weight of mixture 
(kg/mole) 
  
Ni flux of species i being removed 
from bulk gas phase (per unit 
volume of bulk gas) 
ug superficial gas velocity (m/s) 
Pads   adsorption pressure (mbar) yads mole fraction in the inlet 
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pi partial pressure (mbar) z axial distance along column 
(m) 
Pr Prandtl no.   
 
E.9.1 Greek Letters 
µg viscosity of gas (Pa.s) ρb bulk density of the packed bed 
(kg/m3) 
ε porosity of bed ρg density of gas (kg/m
3) 
εp porosity of pellet ρp total density of pellet 
(including pellet void volume) 
(kg/m3) 
  τ tortuosity of pellet 
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